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Abstract

Image animation is a rapidly developing area in multimodal
research, with a focus on generating videos from reference
images. While much of the work has emphasized generic
video generation guided by text, music-driven dance image
animation remains underexplored. In this paper, we intro-
duce MuseDance, an end-to-end model that animates refer-
ence images using both music and text inputs. By integrat-
ing music as a conditioning modality, MuseDance gener-
ates personalized videos that not only adhere to textual de-
scriptions but also synchronize character movements with
the rhythm and dynamics of the music. Unlike existing
methods, MuseDance eliminates the need for explicit mo-
tion guidance, such as pose sequences or depth maps, re-
ducing the complexity of video generation while enhancing
accessibility and flexibility. To support further research in
this field, we present a new multimodal dataset compris-
ing of 3,122 dance videos, each paired with the correspond-
ing background music and text descriptions. Our approach
leverages diffusion-based methods to achieve robust gener-
alization, precise control, and temporal consistency, setting
a new benchmark for the task of music-driven image ani-
mation. The dataset of this work is available at https :
//github.com/Dongzhikang/musedance.

1. Introduction

The field of Artificial Intelligence Generated Content
(AIGC) has made significant strides in recent years [3, 10,
21, 22, 44, 48, 52, 61, 62, 75, 80]. In particular, image
animation has advanced through the use of various guid-
ance, such as motion [55, 56, 82] and text [15]. Current
motion transfer models rely on motion guidance inputs to
animate reference images. However, these methods usually
fail to align with user preferences when generating a dance
video that matches a given piece of music. Finding suitable
dance motion guidance for specific music can be challeng-
ing. For example, no suitable guidance exists for Mozart or
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Beethoven. Such guidance is scarce and typically requires
specialized domain knowledge that most users lack. More-
over, existing models focus mainly on human motion, limit-
ing creativity, while any object, such as animated characters
in Disney movies, could “dance”.

To overcome these limitations, we propose a new task:
music-driven dance generation, allowing users of all skill
levels to create diverse dance videos directly from music,
without pose guidance, featuring not only humans but also
various objects. Additionally, users can enhance customiza-
tion through text prompts, allowing them to generate unique
and personalized dance videos. This novel approach has
significant potential in film, social media, gaming, and ed-
ucation, where Al-generated dance animations can offer in-
teractive and engaging experiences.

Despite its potential, music-driven image animation re-
mains challenging and underexplored: (1) Absence of
explicit motion guidance—Traditional image animation
methods rely on structured motion inputs, such as human
pose keypoints, depth maps, or skeleton sequences. How-
ever, music does not provide direct motion trajectories. It
requires the model to infer realistic dance movements di-
rectly from audio cues, beat structure, and rhythm patterns;
(2) Synchronization complexity—Aligning dance move-
ments with music beats and genre-specific styles is chal-
lenging, as each dance form follows distinct movement pat-
terns. For example, hip-hop features sharp, rhythmic mo-
tions, while ballet emphasizes fluid, graceful transitions.
Ensuring motion remains temporally coherent while ad-
hering to the music’s beat structure remains a non-trivial
problem; and (3) Dataset limitations—While datasets like
AIST++ [42] provide dance motion data, they are restricted
to predefined choreographies and a limited range of musi-
cal styles. In contrast, our dataset includes a wider variety
of dance and music styles and features both human and non-
human subjects, offering a more diverse and comprehensive
resource for music-driven dance generation.

In this paper, we introduce MuseDance, a flexible end-
to-end multimodal image animation framework that brings
a static reference image to life using a music piece and a
text prompt describing the desired motions. As shown in
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Reference Image

The dancer alternates between raising and lowering the arms, shifting weight
from one foot to the other while making playful waving and clapping gestures.

Reference Image

i i
il

ﬁl/ﬁ Beat Signal

The dancer alternates between subtle upper body movements with rhythmic

arm gestures and quick, fluid transitions into brief body sways, concluding

with a dynamic hair flick.

Figure 1. MuseDance generates a dancing video from a reference image, synchronizing movements to the provided music, aligning with
the beats, and visually interpreting the guidance of a text prompt for a seamless, music-driven animation.

Figure 1, MuseDance builds on the Diffusion model with
pretrained Stable Diffusion weights [6] and incorporates
modifications to ReferenceNet [29] to capture spatiotem-
poral information. Additionally, we design a hierarchical
structure that includes a modality fusion mechanism for in-
jecting music embeddings into video sequences, a beat en-
coder to explicitly align generated videos with the music
beat, and motion alignment modules to ensure frame consis-
tency and adherence to input constraints. The model trains
in two stages: in the first stage, the model learns to generate
single frames by capturing the reference image’s appear-
ance, guided by its DensePose [28] representation, and dis-
entangles appearance and motion using text prompts. In the
second stage, it generates video sequences guided by mu-
sic, beat, and motion while keeping the first-stage modules
frozen to preserve appearance quality. The music, beat, and
motion modules enable semantic alignment of music with
video sequences, synchronization with beats, and temporal
consistency across frames, resulting in more natural and dy-
namic animations.

In summary, our contributions are threefold: (1) We
propose MuseDance, a novel end-to-end diffusion-based
method that uses music and text as driving dynamics to
animate the reference image in a way that aligns with the
semantic meaning of the input. (2) We introduce a novel
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music-dance video generation dataset, where each sample
includes a dance video, the corresponding background mu-
sic track, and the textual description of the motion in the
video. This dataset trains models to animate reference im-
ages by learning motion dynamics from music and text.
(3) Our model is able to generate temporally consistent
dance videos with multi-modal control across diverse ob-
jects ranging from real-human dancers to cartoon figures,
despite their vastly different characteristics.

2. Related Work

Video Generation Diffusion Model. Video generation is
a very important task in AIGC. Methods like variational
RNNs [2, 12, 19, 40] and GAN s [43, 47, 54, 59, 67, 68, 78]
have been explored to tackle this problem. However, most
of those works are limited to low-resolution, the lack of
large scale high-quality datasets or loose control ability.
Diffusion models are proposed to solve this problem. [7]
introduces temporal dimension to the latent diffusion image
generation model. Make-A-Video [57] enhances DALL-E2
[51], a text-to-image model, by using joint text-image pri-
ors and super-resolution strategies to produce high-quality
videos. Stable Video Diffusion [6] presents a large-scale
text-to-video foundation model, which also supports vari-
ous downstream tasks like image-to-video generation, cam-



era motion adaptability and multi-view objects synthesis. In
addition to open source models, closed-source video gener-
ative models, in particular GEN-2 [25], PikaLabs [39], Sora
[9] and Kling [38] provide state-of-the-art video generation
capabilities for general use.

Music-guided Dance Generation. Music-guided dance
generation in 3D sequences has been explored in recent
works. Bailando [58] proposes a pose Q-VAE with a motion
GPT to predict future pose tokens given music. EDGE [63]
presents a physics-constrained transformer-based diffusion
to generate more realistic 3D dance sequences. M2C [45]
introduces a music code extractor to replace existing music
feature processor to enhance music’s role in 3D dance mo-
tion generation. LM2D [77] integrates lyrics information to
enable the generation of more diverse 3D dance sequences.
3D dance sequence generation models produce only skele-
ton keypoints, rather than full dance videos, limiting their
practical application. Music-guided dance generation in 2D
videos is still largely unexplored. [70] utilizes a diffusion
model to generate optical flow, which is then combined with
a reference image for animation. MusicInfuser [31] takes
music and text as input and generate dancing video with-
out reference image. [16] leverages 2D pose and music to
animate reference image.

Human Motion Transfer. Earlier works [4, 8, 17, 24, 72]
on human body motion transfer demonstrate lower accuracy
and require significant human intervention. Recently, deep
learning techniques have enabled more realistic motion
transfer with highly automated training pipelines. MoCo-
GAN [65] introduces an unsupervised adversarial training
method for transferring motion and facial expressions onto
target subjects. [1] extends the StyleGAN [36] generator
to learn the warped local features. [13] utilizes a video-to-
video synthesis method to generate new motions by giving a
2D video and 2D skeleton sequences. Dreampose [35] pro-
poses a diffusion model to animate a reference human im-
age using pose sequences and fabric textures. [33] utilizes
a lightweight pose guider to enable controllable continuous
character movement across various downstream tasks.

In human dance transfer domain, DISCO [69] generates
human dance videos from dance skeleton sequences and a
reference human image. Their method generalizes to un-
seen human references, backgrounds, and poses. MagicAn-
imate [74] combines a video encoder with an appearance
encoder to generate temporally consistent dance videos
from a reference image. MagicPose [14] incorporates fa-
cial keypoints with body skeletons as guidance to generate
realistic human dance videos. However, these approaches
still require pose guidance to generate dance videos, and
such pose sequences are not always available, limiting the
generalization capability of these models.
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3. Method

We propose a two-step training framework to animate im-
ages in dancing based on music and text input. In the first
step, the model is trained on individual frames from the tar-
get video to learn visual features and acquire prior knowl-
edge. In the second step, we introduce music and text as
triggers to generate animated frames that align with these
inputs. The process is illustrated below.

3.1. Preliminaries

Latent Diffusion Models denote a class of diffusion mod-
els that operate within the encoded latent space produced by
an autoencoder, represented as D(E(+)). One of the most
widely used models in this category is Stable Diffusion
[52], which incorporates a VQ-VAE and a time-conditioned
U-Net architecture. Additionally, Stable Diffusion utilizes
a text encoder from the CLIP [50] model to encode text
prompts into embeddings. Given an image I € RfxWix3
and its corresponding text embedding ¢ € RP<, we ob-
tain the latent representation zg = £(I) € RH=xW=xD-:
and apply it to a predefined diffusion process across T
timesteps, modeled as a Gaussian process. This process ap-
proximates a standard Gaussian distribution, zr ~ N(0, I).
The training objective in Stable Diffusion is to iteratively
denoise zr back to the original latent representation zg.
During inference, the original latent z; is reconstructed
using sampling methods, such as denoising diffusion im-
plicit models [60]. Then, the latent z; is decoded by the
decoder D to generate the final, clear image. Latent Diffu-
sion Models can produce high-fidelity images and align the
generated images with the text-conditioned prompt.
Cross Attention Mechanism is a key component in the U-
Net of latent diffusion models. This mechanism integrates
information from the latent representation and the condi-
tioning embedding, enabling latent diffusion models to gen-
erate images that semantically align with the given condi-
tion. More generally, the conditioning modality can be text,
motion flows, audio, etc., providing semantic guidance for
the generation process.

3.2. Appearance Pretraining

As shown in Figure 2, the first training stage aims to gen-
erate motion consistent with the reference image while pre-
serving appearance. From a video V = I1,...,InN, we
sample an input frame I; within (w, N — w) and a target
frame I; within (i — w, ¢ + w), with j # 4. To empha-
size the foreground object, we use DensePose [28] as a seg-
mentation mask rather than motion guidance. Unlike pose-
based methods that rely on skeletal keypoints, DensePose
highlights the object against the background in the refer-
ence image, guiding the model to learn structure and ap-
pearance without predefined motion constraints. We obtain
the DensePose mask of the reference image D; and encode
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Figure 2. In the first training stage, we train the model to capture spatial information by generating individual frames, with reference and
target frames randomly sampled from a short time window. DensePose is used to help the model focus on the object, while text prompts
assist in understanding motion. In the second training stage, we freeze the spatial attention blocks to preserve the model’s frame generation
ability and introduce music, beat, and motion modules to incorporate music dynamics, align with the beat, and improve frame-to-frame

consistency.

it with F},,, a convolutional network that downscales and ex-
tracts mask features, producing m; = F,,,(D;). As in Con-
trolNet [79], we add these features residually to sharpen ob-
ject focus while maintaining flexibility. This use of Dense-
Pose keeps the model motion-guidance-free, avoiding con-
straints from explicit poses or keypoint trajectories.

zo = E(1;) + Conv(D;), (1)

Following [33, 73], we use ReferenceNet—a U-Net-
based Stable Diffusion model with the same layers as our
backbone—to extract visual features from the reference im-
age R. Let g4 € RP=xW:xd pe features from the de-
noising U-Net and 2 € R7=*W=xd from ReferenceNet.
We concatenate them along the W dimension, apply spa-
tial self-attention, and retain the first half as output. This
output is then used in cross-attention with CLIP text fea-
tures, CrossAttn(z;, cext), enabling the model to capture
pose and appearance with semantic guidance.

Because ReferenceNet shares the structure of the denois-
ing U-Net, its feature maps integrate seamlessly to enrich
generated frames with detailed foreground and background
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information. Unlike ControlNet, which enforces alignment
between reference and target frames, our reference and tar-
get are separate images from a short time window, meaning
they share only spatially related features rather than align-
ment. Hence, ControlNet is unsuitable for our setting.

3.3. Dynamic Trigger Video Generation

Figure 2 illustrates the second stage of our training process.
Here, the model learns to generate dance videos based on
the reference image, music input, and text guidance. To
preserve the visual generation ability from the appearance
pretraining stage, we freeze the spatial attention blocks.

To achieve temporal alignment in driving the reference
image, we add three new modules to the denoising U-Net:
a music understanding module, a beat alignment module,
and a motion alignment module.

Music Understanding Module. This module aims to ex-
tract musicality information from the music and use it to
control frame generation. We use the Audio Spectrogram
Transformer (AST) [26] to obtain music embeddings, as
it effectively captures higher-level musical semantics such



as genre, style, and mood [11, 23, 27, 41]. Given the hid-
den states from the previous module, z; € RE*(H=W=)xd,
where K is the number of generated frames, and the music
embedding cusic € RE*4 where L is the sequence length
of the music embedding, we apply a cross-attention mech-
anism between the music embeddings and frames to facili-
tate information flow across these two modalities, allowing
the music dynamics to control frame generation. To further
improve temporal alignment, we reshape the hidden states
into z, € RH=W=)xKxd and compute self-attention along
the temporal dimension.

Beat Alignment Module. We observe that, in most music
dance videos, the music beat serves as a strong signal, often
marking the start, stop, or change in dance style. To capture
this pattern, we incorporate beat information into the de-
noising U-Net. We use Librosa to identify beat locations in
the music, converting them into a one-hot encoded format.
This produces a binary vector byinary € RX, where frames
with a beat are assigned a value of 1, and others a value of
0. We align the beat information with video sequences, in-
spired by token processing in NLP tasks, and apply a lookup
embedding layer to transform the discrete embedding into a
continuous dense embedding bgense € RE*d We then ap-
ply the cross-attention mechanism to help the hidden states
learn the beat information. Similar to the music understand-
ing module, we reshape the hidden states and apply tempo-
ral attention layers to ensure temporal continuity.

Motion Alignment Module. In video generation, main-
taining content continuity across frames is crucial, espe-
cially for generating coherent dance motions. In addi-
tion to the temporal attention layers in the music under-
standing and beat alignment modules, we employ a motion
alignment module to capture temporal dependencies across
frames. Inspired by [29, 73], we use several previously
generated frames as guidance, concatenating them with the
current hidden states and performing self-attention across
the temporal sequence dimension. Specifically, we form a
concatenated hidden state zmoion = concat(z;, z;), where
2h € RU=W=)xMxd represents the hidden states from the
previous M generated frames. By applying self-attention
on Zyotion across the temporal axis, we select the last K hid-
den states as the current generated frames.

Instead of simply concatenating embeddings, we sequen-
tially integrate them to ensure coherence between the mu-
sic, beat, and motion modules. First, the music understand-
ing module encodes high-level semantic information, which
implicitly captures rhythm and maintains temporal continu-
ity. Building on this, the beat alignment module refines the
temporal structure by anchoring motion changes to beat lo-
cations, ensuring precise rthythm synchronization. Finally,
the motion alignment module enhances temporal consis-
tency between frames, aligning motion with both the mu-
sic semantics and beat locations to smooth transitions and
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maintain natural motion flow.

4. Experimental Results

Prompt: Please describe the dance movements in each video provided in detail.
Follow these guidelines:

1. Focus specifically on the motion and actions of the dancer.

2. Avoid describing the dancer’s appearance or the background.

3. Ensure the description is clear, concise, and highlights the dynamics of the dance.

GPT-40: The dancer extends her arms outward with fluid movements while shifting her
weight side to side, eventually transitioning into a more grounded, leg-centric motion
Qith repeated bending and leaning gestures.

Figure 3. An example of textual data generation, we provide a se-
ries of frames and a detailed prompt to instruct GPT-40 to generate
motion captions.

4.1. Music Dance Dataset

In this paper, we introduce the first music-dance video
dataset. The raw videos are collected from YouTube, to-
taling 304 videos. These videos feature a diverse range of
dance genres, from popular styles found on short video plat-
forms to traditional Chinese dance. We manually collect
these videos to ensure that each one features a single object-
centric dance, with a clear screen, minimal special effects,
and a stable camera angle that is generally front-facing but
diverse in perspective. Since all data is manually collected,
we make sure that the videos are of high quality and free
from harmful content. The videos also provide diversity
in dancer appearance and background settings. Given that
dancers often perform to the same music, some music tracks
overlap across videos. Human-object videos are primarily
from TikTok dance collections or dance challenge series,
while non-human object videos consist of synthetic anima-
tions of animals dancing. We split each video into multiple
clips. All these sub-videos are in a vertical, object-centered
format, paired with background music, and vary in length
from 10 to 30 seconds. We manually edit each video to
remove irrelevant segments, such as intros, outros, and con-
versational parts, retaining only the music-driven dance sec-
tions. To ensure consistency, we include only videos with
a single dancer, with plans to expand the dataset to include
multiple-dancer videos in the future. Following these pre-
processing steps, our dataset comprises 3,122 videos, each
paired with background music and lasting approximately 4
seconds. The dataset includes a total of 489 unique music
tracks. All dance videos undergo manual review to ensure
that any harmful or inappropriate content is excluded.

We also include a text description of motion for each pair
of music and video. Figure 3 illustrates our process for gen-



Dataset Videos Music Text
Everybody Dance Now [13] 105 Videos X X

TikTok [34] 350 Videos X X

AIST++' [42] 1408 Videos 60 Songs X

MuseDance (ours) 3122 Videos 489 Songs 3122 Captions

Table 1. Current Music Dance Dataset Comparison.

erating these descriptions. We leverage OpenAl’s GPT-40
API to generate video captions, sampling each video every
10 frames and combining these samples with a text prompt
for GPT-40. To separate motion from appearance, we in-
struct GPT-40 to focus only on motions and actions, ignor-
ing the dancer’s appearance and background. Under this
setup, each sample in our dataset includes a triplet: a short
dancing video, background music, and a motion description
text.

In Table 1, we compare existing music-dance datasets
with our own. The Everybody Dance Now [13] and TikTok
[34] datasets contain only the video modality and have sig-
nificantly smaller dataset sizes. The AIST++ [42] dataset,
a subset of the AIST [64] dataset, includes both video and
music modalities. However, it is limited to 10 dance genres
and 60 music tracks, resulting in less diversity in music and
videos compared to our dataset. Its backgrounds are sim-
ple and clear, lacking the richness and realism needed for
diverse dance videos. Using an LLM to generate text de-
scriptions won’t resolve the lack of dataset diversity. LLM-
generated captions remain limited, as these datasets lack the
dance styles and real-world variations needed to enhance
motion diversity. Our dataset includes a wider range of
dance styles—such as street dance, traditional dance, and
hand gesture dance—and features both professional and
non-professional dancers, making it more representative.
Additionally, while AIST++ mostly features simple studio
backgrounds and Everybody Dance Now and TikTok Dance
don’t have natural music-video pairings, our dataset unifies
diverse dance motions, synchronized music, and real-world
settings, making it a richer resource for music-driven dance
generation.

4.2. Implement Details

In our experiments, both training and inference pro-
cesses are conducted on a computational platform with
32 NVIDIA A100 GPUs, each has 80 GB memory. The
training framework consists of two stages, each compris-
ing 30,000 steps. The batch size is set to 12 in the first
stage and 2 in the second stage for each GPU, with video
dimensions maintained at 640 x 640 pixels. During the sec-
ond stage of training, each instance generates a 4-second
video at a frame rate of 12 FPS. The music has a sam-

IFor a fair comparison, we only consider videos filmed from a front-
facing camera perspective with a single dancer.
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ple rate of 16,000 Hz and is in mono. To ensure consis-
tency in the generated content, the hidden states of the last
two generated frames are utilized within the motion mod-
ule. A learning rate of le-5 is applied across both training
stages, and the Adam [37] optimizer is employed for param-
eter updates. The ReferenceNet and Denoising U-Net are
initialized based on stable-diffusion-v1-5, while
the motion module is initialized with weights derived from
Animatediff [29]. To enhance video generation quality, a
dropout rate of 0.05 is applied. Additionally, we use DDIM
to sample the generated frames.

4.3. Quantitative Results

Similar to the approach in [14, 69, 74], we randomly select
228 videos as the test split, including various figures, such
as human and non-human ones. We evaluate the quality
of our generated dancing videos using several metrics. For
single-frame quality, we employ SSIM [71], LPIPS [81],
and PSNR [32]. To assess overall video quality, we use
Fréchet Video Distance (FVD) [66].

Due to the lack of open-source code and publicly avail-
able datasets for music-driven video generation, direct com-
parison remains challenging. To address this, we evalu-
ate baselines from two complementary perspectives: (1)
Two-stage baselines. We use EDGE [63] to generate mo-
tion sequences from music. These sequences are pro-
jected into 2D and then rendered into videos using DISCO
[69]. We further adapt recent 3D pose—driven renderers,
Champ [83] and MIMO [46], which synthesize videos from
generated 3D pose. While these pipelines approximate
music-to-dance generation, their decoupled design prevents
joint optimization of motion and appearance. (2) One-
stage baselines. We evaluate MM-Diffusion [53] and Mu-
sicInfuser [31], fine-tuning both on our MuseDance dataset
for fairness. While MM-Diffusion is a multimodal model
for audio-conditioned video, MusicInfuser generates video
from text and music without using a reference image, so it
is related but not directly comparable to our setting. We
run each test three times with different seeds and report
mean=std for all metrics. The comparison results are pre-
sented in Table 2. Our findings indicate that MuseDance
outperforms all baselines across both music—video align-
ment and video generation quality. Among one-stage
baselines, MM-Diffusion underperforms relative to all ap-
proaches, reflecting its lack of a dedicated design for dance
video synthesis and difficulty handling complex appearance
and motion. MusicInfuser performs better on some image-
level aspects but still lags behind on temporal consistency
and alignment compared to MuseDance, as it does not use
a reference image, lacks any explicit beat modeling, and
was developed for a broader video generation task rather
than identity-preserving, rhythm-synchronized image an-
imation. Turning to two-stage pipelines, EDGE+MIMO
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Figure 4. Music driven dancing video generation on non-human objects.

and EDGE+Champ improve over EDGE+DISCO in im-
age quality, yet all remain constrained by their reliance
on independently trained components, where motion gen-
eration and video rendering cannot be jointly optimized.
By contrast, MuseDance unifies music, beat, and motion
cues within a single diffusion framework, leading to higher
fidelity, stronger temporal coherence, and superior mu-
sic—-motion synchronization.

Image Video
Method PSNR T SSIM 1 LPIPS | FVD |
EDGE + DISCO _ 27.62%0.12 0.60140.011 0.276:0.008 _ 401.95+8.21
EDGE+MIMO  28.95+£0.09 0.65140.010 0.261+0.009 356.31:£7.36
EDGE + Champ  28.43£0.08 0.629+0.012 0.269+0.010 372.4249.42
MM-Diffusion 27794011  0.469+0.013 0.299+0.010 576.95+11.34
MusicInfuser 28.8240.10  0.658£0.009 0.265+0.008  352.18+7.88
MuseDance (ours)  29.57+0.07 0.675+0.008 0.266::0.007  315.76+6.57

Table 2. Model performance on MuseDance (mean+std over 3
runs). Higher PSNR/SSIM and lower LPIPS/FVD are better.

To assess the alignment between our generated videos
and the background music, we evaluate the synchronization
between kinematic beats extracted from the videos and the
amplitude envelope of the accompanying music. Follow-
ing the method proposed in [18], we extract 2D body key-
points from all frames and compute kinematic beats based
on keypoint movement. We use three metrics for evaluation:
(1) Mean Euclidean distance error between kinematic and
music beats, (2) Median Euclidean distance error, and (3)
the Audio-Video Alignment Score (AV Align) proposed in
[76]. The results, summarized in Table 3, demonstrate that
our method outperforms all baselines. This can be attributed
to our explicit integration of beat and rhythm information as
temporal guidance during training. Notably, MM-Diffusion
achieves the lowest alignment performance among all ap-
proaches, as it primarily captures high-level semantic infor-
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mation from audio while neglecting beat and rhythm details.
Musiclnfuser performs well on alignment metrics due to its
joint music—text conditioning, which helps capture rhythm
in an end-to-end framework. However, it lacks explicit beat
information, leading to weaker performance compared to
our method. To further demonstrate alignment, especially
for non-human objects, we use MemFlow [20] to extract
optical flow and visualize the correlation between motion
magnitude and the audio signal, with examples in the sup-
plementary material.

Mean Distance Error | | Median Distance Error | | AV Align 1
Ground Truth 0.218+0.003 0.170+0.001 0.188+0.002
EDGE+DISCO 0.287+0.009 0.204+0.006 0.154+0.005
EDGE+MIMO 0.274+0.008 0.196+0.006 0.162+0.005
EDGE+Champ 0.283+0.010 0.201+0.007 0.158+0.006
MM-Diffusion 0.538+0.012 0.334+0.010 0.099+0.007
MusicInfuser 0.252+0.007 0.182+0.006 0.171+0.005
MuseDance (ours) 0.23440.007 0.17340.005 0.179+0.004

Table 3. Music—video alignment metrics (mean=std over 3 runs).
Lower distance errors and higher AV Align indicate better align-
ment.

4.4. Ablation Studies

To illustrate the effectiveness of each module in the second
training stage, we conduct ablation studies by removing the
music, motion, or beat module and analyzing their impact
on output quality. As shown in Table 4, when all three mod-
ules are removed, the model produces the lowest-quality
outputs, with weak perceptual similarity and poor tempo-
ral consistency. Introducing the music module alone pro-
vides valuable semantic guidance, enriching the generation
process by aligning motion with musical content. However,
since the AST encoder does not explicitly encode temporal
music dynamics, the music module alone does not signif-
icantly enhance temporal coherence. Combining the mo-



tion module with the music module leads to a substantial
improvement in both visual quality and temporal smooth-
ness, as the motion module structures movement over time
while the music module provides high-level semantic in-
formation. Additionally, the temporal attention layers in
the motion module help identify temporal patterns within
the music embeddings, allowing the model to better capture
rhythmically coherent motion. The best results are achieved
when all three modules—music, motion, and beat—are in-
cluded, with the beat module further refining synchroniza-
tion to ensure that generated movements align with rhythm
while preserving expressive variation. These findings high-
light the modules’ complementary roles: the music module
shapes content, the motion module ensures temporal struc-
ture, and the beat module refines rhythmic alignment, cre-
ating more natural and dynamic dance generation.

Module Metrics
Music Motion Beat PSNR 1 SSIM 1 LPIPS | FVD |
X X X 24.4940.11  0.6084+0.010  0.2954-0.009  729.654+10.24
v X X 24.5440.10  0.6234+0.009  0.28440.008  608.77+7.57
v v X 28.894+0.09 0.6714+0.008 0.2734+0.007  391.82+6.92
v v v 29.57+0.07 0.675+0.008 0.266+0.007 315.76+6.57

Table 4. Ablation results on removing modules in the second train-
ing stage (mean=std over 3 runs).

4.5. Qualitative Results

Non-human Object Generation. Unlike existing works,
our model has the capability to generate dancing videos
of non-human objects. As shown in Figure 4, our model
produces realistic dancing motions for non-human objects
based on the music input and tempo. We observe that re-
gardless of whether the text description provides detailed
motion instructions or just generalized guidance, the model
still performs well. This demonstrates the strong language
understanding ability of our model.

Text Semantic Preservation. We evaluate our model’s se-
mantic consistency by controlling the input text prompt.
Figure 5 shows animations of different reference images
using the same text guidance but varying music dynam-
ics. Our results show that the model accurately follows text
guidance and adapts flexibly to music, generating coherent
dance videos.

Human Evaluation. We conduct a human evaluation with
23 participants to assess our generated videos on three as-
pects: Quality, which measures clarity and visual fidelity;
Consistency, which reflects motion smoothness and coher-
ence; and Alignment, which evaluates synchronization with
background music. Each aspect is rated on a 1-5 Mean
Opinion Score (MOS) scale, with detailed instructions pro-
vided to participants. Table 5 shows that MuseDance out-
performs the baselines in all three aspects. For baselines, we
remove input modalities during inference, excluding mu-
sic and beat embeddings. Music input improves alignment
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The dancer moves the arms up and
down energetically while rhythmically
shifting her weight from side to side.

MuseDance  Reference image

Ground Truth

= e
2

Figure 5. Dance video generations with the same text prompt but
different reference images and music. Frames are shown at match-
ing time points from both the generated videos and ground truth.

through rhythmic cues, while text input enhances consis-
tency by guiding motion. Rating criteria are provided in the
supplementary material.

Method Quality | Consistency | Alignment
EDGE + DISCO [63, 69] 3.28 2.79 3.33
EDGE + MIMO [46] 3.87 3.02 3.39
EDGE + Champ [83] 3.59 2.95 3.48
MM-Diffusion [53] 3.68 3.31 3.19
Musiclnfuser [31] 3.73 3.34 3.28
MuseDance w/o Music & Text 3.39 2.56 3.02
MuseDance w/o Music 3.49 3.17 3.31
MuseDance w/o Text 3.74 3.28 4.06
MuseDance (ours) 3.92 3.84 4.18

Table 5. Human evaluation results for three perspectives: Quality,
Consistency, and Alignment, scored on a 1-5 MOS scale.

5. Conclusions

This work presents an end-to-end framework for animating
static images into dance videos using only music dynamics
and text guidance. We introduce the first music-driven
dance video dataset from public YouTube videos and
propose a diffusion-based model that fuses visual, auditory,
and textual inputs. Our model generates realistic, syn-
chronized dance videos and shows strong performance on
this music driven image animation task. Future work will
enhance temporal guidance by adding precise timeline an-
notations to improve motion coherence in longer sequences.
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