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Abstract—Recent advances in generative artificial intelligence
(AI) have enabled the synthesis of multi-modal content, including
dance motion, camera trajectories, and rendered 3D scenes. How-
ever, most existing approaches rely on fragmented pipelines that
require significant manual effort and domain expertise. In this
paper, we propose an end-to-end, one-touch system for generating
fully rendered 3D music videos, aimed at non-expert users.
Our proposed system integrates 3D avatar generation, motion
transfer, camera trajectory generation, and scene rendering, all
built upon a unified dataset captured via synchronized multi-
view imaging and motion capture. To evaluate the quality of the
generated videos, we construct a multi-modal dataset that jointly
aligns motion, music, and camera trajectory. Experimental results
demonstrate high perceptual scores in synchronization and visual
coherence across user groups, with a low incidence of rendering
artifacts. Our proposed system significantly lowers the barrier to
creating high-quality 3D music videos and offers an extensible
platform for multi-modal content generation. The demonstration
video is available at https://youtu.be/FDQOpeWFSio.

I. INTRODUCTION

Recent advancements in multi-modal generative models
have enabled users to create personalized content across multi-
ple domains, including music, motion, and camera trajectories.
In particular, models for music-to-dance generation [1]—[3]
synthesize plausible motion from music, while recent work on
camera trajectory generation [4]—[7] produces dynamic camera
trajectory conditioned on music or textual descriptions.

While these cross-modal models have begun to blur the
boundaries between previously separate content types, practi-
cal content creation pipelines remain highly fragmented. From
avatar construction and motion transfer to camera design and
final rendering, existing approaches rely on heterogeneous
tools and ad hoc integration. These pipelines demand signif-
icant domain knowledge, limiting their accessibility for non-
expert users.

Moreover, transferring motion data to 3D avatars is non-
trivial due to inconsistencies in joint template definitions across
datasets and models (e.g., [8] uses 51 joints, [4] 61 joints, and
[9] 24 joints). Similarly, camera parameters generated by dif-
ferent models often vary in format and coordinate convention,
requiring manual post-processing to ensure interoperability.
These technical inconsistencies pose substantial barriers to
scalable content generation.
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(a) 3D Avatar variation
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Fig. 1. The results from YOTO showing (a) the variation in background
using the same dance motion and 3D avatar, (b) the variation in motion which
results from different camera trajectories, and (c) the variation in the 3D avatar
with different subjects.

To address these limitations, we propose a one-touch system,
You Only Touch Once (YOTO), for generating fully rendered
3D music videos. Here, “one-touch” refers to a system that
operates with a single user action—once the user provides
input, all subsequent stages. The proposed system integrates
four key components—3D avatar generation, motion transfer,
camera trajectory synthesis, and scene rendering—into a single
cohesive pipeline.

Also, we construct a new multi-modal dataset that provides
synchronized sequences of music, motion, camera trajectories,
and backgrounds. Existing datasets typically focus on only a
subset of these modalities, making it difficult to evaluate cross-
domain coherence in generated content. Our dataset addresses
this gap and enables end-to-end generation within a unified
pipeline.

Finally, we conduct both quantitative and qualitative evalua-
tions. Quantitative analysis using Mean Per Joint Position Error
(MPJPE) confirms that the generated motion retains structural
fidelity under rendered views, achieving a mean MPJPE of
39.2 mm. Qualitative results, based on user studies across
motion—music synchronization and visual harmony, further
validate the perceptual realism of our system. Participants rated
the generated videos with a score of 3.90 for synchronization
accuracy and 3.75 for visual harmony on a 5-point Likert scale,
indicating strong perceptual quality and coherence. These
findings demonstrate the feasibility of accessible, high-quality,
cross-domain video generation without requiring expert knowl-
edge.

Our contributions are as follows:
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Fig. 2. An overview of YOTO. We first construct an animatable 3D avatar by combining a multi-view reconstructed mesh with motion capture data. Then, we
synthesize a complete music video by integrating avatar motion, music-conditioned camera trajectories, and user-selected background within a unified rendering

framework.

1) We present an end-to-end one-touch system, YOTO, that
generates fully rendered 3D music videos by unifying
avatar construction, motion transfer, camera trajectory
synthesis, and scene rendering. Our system removes the
need for expert intervention by integrating these het-
erogeneous components into a streamlined, user-friendly
pipeline.

2) Our system enables flexible coupling between modalities
such as music, dance motion, and camera trajectory.
Users can dynamically generate diverse video outputs
that reflect varying combinations of content elements,
supporting personalized content creation.

3) We construct a new dataset comprising synchronized
music, motion, camera trajectories, and background
scenes. This comprehensive alignment across modalities
facilitates both training and evaluation of cross-domain
generative systems, which was previously impractical
with existing datasets.

II. SYSTEM

Our YOTO leverages both a multi-view capture studio and
a motion capture studio. From a multi-view capture studio, we
acquire 360-degree RGB images of a subject and reconstruct
a 3D mesh of RGB images, which becomes a 3D Avatar of a
subject The motion capture studio utilizes markers to track the
subject’s movement, providing joint-level position and rotation
data of each 51 joints.
a) Multi-view capture studio: We construct a multi-view
capture studio, as shown in the green box of Fig. 2. The

studio employs 30 RGB vision cameras with a resolution of
10241024 at 30 frames per second (fps). The cameras are
arranged in a dome-like configuration to enclose the target
object. All cameras are synchronized using external trigger
devices (KOTRON TG-16C and KOTRON TG-4C), following
the multi-sensor synchronization protocol introduced in [10].
The primary trigger, KOTRON TG-16C, generates periodic
synchronization signals, while two sub-triggers, KOTRON TG-
4C, operate in bypass mode to distribute signals to 10 and
11 cameras, respectively. To support parallel data acquisition,
five desktop computers running Microsoft Windows 10 are
deployed, with each desktop responsible for six cameras based
on bandwidth constraints. Another desktop is designated as
the master host and coordinates all camera operations through
TCP/IP network communication.

b) 3D motion capture studio: For high-precision human
motion acquisition, we employ a dedicated OptiTrack system
[8] consisting of six infrared motion capture cameras as shown
in the blue box of Fig. 2. The cameras are mounted at the top
corners and lateral upper edges of a 3.3 m x 3.3 m x 3.0
m studio space, providing a wide field of view with minimal
occlusions. Each camera captures at 120 fps, enabling accurate
tracking of fast human motion from markers. The acquired
motion data comprises 51 joints, including 21 body joints and
30 hand joints. Motion data and music at frame ¢, each denoted
as 0; and my, are synchronized and collected in real-time.

To capture expressive dance motion, subjects are instructed
to perform freestyle dance in synchronize with a given music
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during recording. This ensures temporal alignment between the
captured motion data and the accompanying music.

III. METHOD

As shown in Fig. 2, our proposed YOTO initiates by
capturing the user’s 3D avatar and dance motion synchronized
to music. Then, the captured dance motion is combined with
the 3D avatar through rigging to produce an animatable 3D
avatar. Subsequently, a camera trajectory is generated and
applied to the dancing 3D avatar within a 3D background.
This entire sequence is rendered along with the original music,
as shown in the red box of Fig. 2, resulting in a complete
3D music video through our one-touch generation pipeline.
The subsequent sections provide detailed descriptions of each
component of the YOTO.

A. 3D avatar generation

To obtain a realistic 3D body scan, we capture a set of static
multi-view images and perform reconstruction in a coarse-to-
fine pipeline. Initially, coarse mesh geometry v, is estimated
using multi-view stereo (MVS) techniques [11], followed
by Poisson surface reconstruction to generate a watertight
mesh. To recover fine-scale details, we optimize a per-vertex
displacement field Av, resulting in the refined body mesh
vy = V. + Av. The optimization is jointly performed over
the displacement field Av and the coefficients of spherical
harmonics lighting. Our objective is to minimize the discrep-
ancy between the rendered shading of the refined mesh and the
grayscale appearance of the input images. This is motivated by
the observation that grayscale intensities serve as a reasonable
approximation of surface shading. The total energy function is
defined as:

E:Es+)\eEe+)\nEn+)\mEma (1)

where FE, denotes the shading reconstruction error, and
FE., E,, and FE,, represent regularization terms encouraging
edge length preservation, normal consistency, and Laplacian
smoothness, respectively. We empirically set the weighting
parameters to A, = 0.01, A, = 0.1, and \,, = 0.1.
Fig. C presents qualitative comparisons with template-based
and direct reconstruction approaches. Our method achieves
noticeably improved geometric fidelity, capturing fine mesh
details more accurately than baseline methods.

B. Motion capture and camera trajectory

To synthesize motion into a 3D avatar, we transfer captured
motion data into a rigged mesh in initial pose V{; with motion
transfer function F', which applies joint rotation to the 3D
avatar. Animated avatar at frame ¢, V;, can be written as,

Vi =F(Vo,0,). 2

Also, we generate camera trajectory C; € R® at frame ¢. The
camera trajectory is represented with position and orientation
parameters as follows:

Cr = [pf,p?,pf,?“f,?‘?,rf,dt,@], 3)
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Fig. 3. Structural consistency evaluation between the original motion and the
rendered video. We estimate pose from rendered frames and compare them
with the original captured motion data to assess motion preservation under
varying camera and background conditions.

where (p¥,pY,p?) denote the gloabl position of the camera,
(r#,rf r?) represent the Euler rotation angles, d; is the
distance to the target, and ¢; is the field of view (FOV) at
frame t. The camera trajectory C} is generated using a cross-
modal model conditioned on motion and music features:

Cy = G(thmt)a 4

where GG is a state-of-the-art camera trajectory generation
model [4].

C. Rendering

To accommodate diverse user preferences and enable flex-
ible scene composition, the background BG is designed to
be customizable within the rendering pipeline. A set of 3D
background scenes with varying visual styles is provided,
allowing users to select one that best matches the intended
atmosphere. At each time frame ¢, a rendered image [; from
integrating the posed 3D avatar, camera parameters, music
features, and selected background can be written as,

It :R<‘/t7ct7mtaBG)7 (5)

where R is the rendering function. The complete video is
then constructed by temporally concatenating the sequence of
rendered frames {I;}7_,.

IV. EXPERIMENTS
A. Dataset Construction

To evaluate the alignment quality among motion, camera,
and music, we construct a dataset of 33 synchronized data
pairs. Each pair includes a professional dancer’s motion,
music, and camera trajectory. The motion is captured in a
studio as described in Sec. III-B and applied to 3D avatars
generated in Sec. III-A.

Unlike existing datasets, ours integrates music, motion, cam-
era, and background in a tightly aligned manner. Comparison
of our dataset with prior works based on these four components
are shown in Table I.

B. Quantitative Evaluation

Well-generated video should faithfully preserve the structure
and timing of the original motion data, ensuring that camera
movement and background enhance rather than interfere with
the viewing experience. To evaluate this, we conduct joint-level
tracking between the original motion data at frame ¢, denoted
as J¢ for the i-th joint, and the detected joints .J; from the final
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TABLE 1
COMPARISON OF DATASETS BY MUSIC, DANCE MOTION, CAMERA TRAJECTORY, AND BACKGROUND.

Dataset | Music | Dance Motion | Camera Trajectory | Background | Images | Subjects | Sequences
AIST++ [12] O O A X O 30 1,408
DanceCamAnimator [4] O O O X X - 108
BABEL [13] X A X X X 300 11k
UBody [14] X AN A X O - -
Ours O O O O O 10 33

rendered music videos u§sing the same view C, by leveraging a
pose estimation model °. To quantify the positional accuracy
of the synthesized motion, we compute the mean per joint
position error (MPJPE) as follows:

1 T N o
MPJPE = — HJ _
T-N;; ¢t

where T is the total number of frames, /N is the number of
joints, J{ is the ground-truth position of the i-th joint at frame
t, and jf is the corresponding predicted position from the
rendered video. Frames with missing detections from [15] are
excluded from the computation.

Our YOTO achieves mean and median MPJPE as 39.2
mm, 39.9 mm, respectively. This value indicates that the
joint positions estimated from rendered videos remain closely
aligned with the original captured motion data, even after
rendering and camera application. Our results fall within the
range typically reported by recent 3D human motion genera-
tion methods [16]—[18]. These support the idea that our YOTO
produces structurally faithful, temporally consistent motions
under dynamic camera views, satisfying widely accepted cri-
teria for well-reconstructed motion.

(6)

’
2

C. Qualitative Evaluation

To assess the perceptual quality of the generated videos, we
conduct a user study using 700 short video clips (5 s each,
150 frames), covering various combinations of motion, music,
camera, and background. A total of 60 participants, including
10 professional dancers, 10 graphic design experts, and 40
general users, participate in the evaluation.

Each participant rates the videos across two perceptual
dimensions: (a) synchronization accuracy, representing the
alignment between dance motion and music rhythm, and (b)
visual harmony, assessing the coherence among avatar, motion,
camera, and background. Ratings are given on a 1-5 Likert
scale, where 5 indicates the highest quality. As shown in Fig. 4,
participants have rated our YOTO favorably across all groups.
The dancer group has rated 4.10 for synchronization accuracy

§

We adopt the pose estimation model proposed in [15], which estimates
3D human joint locations from RGB images as shown in Fig. 3. The
model employs a transformer-based architecture and has demonstrated strong
generalization on in-the-wild datasets. In our setup, we feed rendered video
frames into the model to obtain J} for each joint 4 at each frame ¢, enabling
direct comparison with the original joint locations J}

Preference Score Preference Score

W Ducers WM Designers W General users W Dunces  WEN Designers  WEN Genenal users

@) (b)

Fig. 4. Perceptual evaluation results. (a) Synchronization accuracy between
dance motion and music rhythm. (b) Visual harmony among the avatar motion,
camera trajectory, and background scene. Each is evaluated across three
participant groups: professional dancers, designers, and general users.

and 3.80 for visual harmony, while the designer group has rated
it 3.40 and 3.20, respectively. The general user group has rated
scores of 3.98 for synchronization and 3.88 for visual harmony.
On average, our YOTO has scored 3.90 for synchronization
accuracy and 3.75 for visual harmony. These results indicate
that the YOTO produces perceptually consistent outputs across
user groups with varying domain expertise.

V. CONCLUSION

In this paper, we present YOTO, a one-touch system for gen-
erating fully rendered 3D music videos by unifying 3D avatar
generation, motion transfer, camera trajectory generation, and
scene rendering into a single, cohesive pipeline. Our YOTO is
designed to eliminate the fragmentation of existing multi-stage
tools and to lower the barrier for non-expert users.

To support this framework, we constructed a tightly aligned
dataset that integrates music, motion data, camera trajec-
tory, and background. Built upon this dataset, our generation
pipeline was evaluated both quantitatively and qualitatively.
Results demonstrate that the generated content retains struc-
tural motion fidelity and achieves high perceptual quality under
varied camera and background conditions.

By enabling modular customization while preserving tem-
poral and spatial coherence, our system facilitates the scalable
production of hyper-quality content. We believe this work
represents a significant step toward democratizing 3D content
creation and opens new directions for personalized Al-driven
storytelling. Future extensions will explore real-time interac-
tion, style adaptation, and broader avatar and scene diversity
to further expand usability and creative flexibility.
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