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Figure 1: EDMG can efficiently generate diverse and physically plausible dance movements based on specific textual prompts
describing dance motions, while integrating musical conditions for creation. As illustrated, “Six-step” is a fundamental
movement in break dance, while “Pirouette” is a fundamental movement in Ballet Jazz dance. These movements showcase
the unique dance styles of different dance genres. EDMG achieves significant performance improvements in long sequence
modeling and motion generation through multimodal conditioning and efficient model design based on Mamba2 [3].

Abstract
Dance is an important art form in human culture, but creating new
dances can be both challenging and time-consuming. In this pa-
per, we propose a novel dance choreography framework, EDMG,
designed to efficiently generate creative and long-lasting dance se-
quences conditioning on music and dance descriptions. In the first
stage, we propose a flexible dance diffusion method, combined with
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dance genre description and descriptions of fundamental move-
ments to generate the dance sequences. To achieve high computa-
tional efficiency and inference speed, EDMG designs a lightweight
denoising module by using selective parallel scanning algorithm
from Mamba2. This Parallel Mamba Denoiser reduces significantly
the number of parameters and accelerates remarkably both the
learning and inference processes. In the second stage, by designing
a smoothing module with a long receptive field, we mitigate joint
error accumulation that causes jitteringmovements and foot sliding,
thereby enhancing the fluency and visual appeal of the dance move-
ments. Furthermore, we extend the AIST++ dataset by adding de-
tailed descriptions of dance genres and fundamental movements, us-
ing the Large LanguageModel (LLM). These descriptions further im-
prove the choreography generation. EDMG is validated through ex-
tensive experiments, demonstrating that our method can both effec-
tively and efficiently generate long-term dances suitable for various
dance genres. Project URL: https://github.com/neymar277/EDMG.
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1 Introduction
Dance, as an ancient art form, resonates with various age groups
and cultures due to its artistic and aesthetic value, playing a crucial
role in the cultural and entertainment sectors. Traditional dance
choreography requires a complex balance among aesthetic move-
ments, emotional expression, and precise synchronization with
musical beats, a process that is often expensive, time-consuming,
and challenging even for experienced artists. In the digital age,
with the growing demand for 3D dance content, traditional dance
creating methods, e.g., motion capture [40, 46, 48, 49], are increas-
ingly inefficient. Therefore, music-based automatic dance sequence
generation has become an important research topic, which not only
helps the film and television industry quickly produce 3D dance
assets, but also assists dancers in their choreography creation.

In recent years, music-driven dance generation has made signifi-
cant progress with the development of generative models [1, 5, 34].
With their exceptional content generation capabilities, these mod-
els have marked a paradigm shift in the field. Tseng et al. [41]
introduced a transformer-based diffusion model, which sets a new
benchmark in the transformation of music to dance, demonstrating
the potential of these models to improve the quality of the generated
dance sequences. However, transformer-based models [22, 41, 44]
rely largely on subtle positional encodings to capture the order of
input elements. At the same time, their computational complexity
grows quadratically with the length of the input sequence, resulting
in high computational overhead and inefficient sequence genera-
tion during the diffusion iteration process. This presents challenges
for efficiently generating long-sequence dances.

Previous studies have been attempting to address these chal-
lenges. For example, to reduce computational costs during training,
some autoregressive architecture-basedmethods [22, 37, 41] tried to
train dance generation models within short time windows (typically
2-5 seconds with 30 FPS). It should be noted that many fundamen-
tal movements usually last for several seconds. For example, the
“Indian step” in break dance, as a continuous dance movement, rep-
resents the smallest unit of the dance content and has the property
of not being disassembled. The generative model based on a small
time window cannot effectively capture these dance elements be-
cause it segments continuous dance movements, making it difficult
to effectively learn choreographic patterns of long sequences. In
addition, the decomposition of continuous movement into smaller
segments can cause the loss of local information, leading to the

generation of dance movements that do not meet the requirements
of the actual choreography.

With the aim of generating long-term dance sequences, based
on the diffusion model [11], we propose a new denoising module,
Parallel Mamba Denoiser (PMD). PMD introduces, for the first
time, the selective parallel scanning algorithm from Mamba2 [3]
to human motion generation. It selectively compresses data into
smaller state spaces through State SpaceModels (SSMs) [9, 10]. PMD
also employs hardware-aware algorithm optimization to reduce IO
transfers between different levels of the GPU memory hierarchy as
well as memory consumption. Owing to these designs, PMD can
efficiently generate dancemotion sequences at 60 FPS for 10 seconds.
Additionally, the local information between adjacent movements is
of significant importance to realistic dance generation. However,
recent methods like Lodge [23] often overlook the importance of
modeling local frame-to-frame information. To address this issue,
we further adopt a lightweight convolutional module specifically
for processing local information interaction.

For PMD, directly applying Mamba2’s selective scanning to long-
sequence dance generation can cause jittery outputs. This happens
because dance movements typically involve large-amplitude and
high-acceleration joint movements. These characteristics can am-
plify the error accumulation effect. Even small prediction deviations
can rapidly expand through consecutive frames [47]. We solve this
by adopting a Temporal Refinement Module (TRM) after the PMD
module. In order to suppress errors, TRM optimizes joint positions,
velocities, and accelerations temporally. It should be noted that,
these optimization objectives are all measured in the linear space
of joint positions. However, SMPL [27] skeleton rotations are non-
linear. We thus convert these rotations to 3D coordinates using
forward kinematics function. This module is particularly suitable
for dance movements with dramatic changes, which can improve
fluency and physical plausibility.

Finally, to increase dancers’ choreography freedom, we employ
the Large Language Model (LLM) to generate text descriptions of
ten dance genres as well as descriptions of fundamental movements
for each dance genre. Then we select 1635 motion sequences from
AIST++ [22] using a 10s window. For each motion sequence, we
add its corresponding dance genre description and descriptions of
fundamental movements. With these descriptions, dancers can cus-
tomize and generate personalized dance movements, thus making
choreography creation more flexible and diversified. At the same
time, the model can choreograph based on fundamental movements.
This helps prevent overfitting and ensures the generation of more
realistic and coherent motion sequences. Our contributions are
summarized as follows:

• To achieve efficient long-term dance sequence generation,
based on the diffusion model, we propose a new denoising
module, the Parallel Mamba Denoiser. This module adopts
the selective parallel scanning mechanism fromMamba2 and
applies it to memorizing long dance sequences.

• To address the jittery outputs caused by directly applying
Mamba2’s selective scanning mechanism to long-term dance
generation, we design TRM. This module calculates 3D joint
coordinates through fully connected layers with residual
connections. These connections provide a wider temporal
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field of view. TRM optimizes the position, velocity, and ac-
celeration of dance movements, which effectively improves
the smoothness.

• To enhance dancers’ choreography freedom, we use LLM to
generate text descriptions of dance genres as well as descrip-
tions of fundamental movements for each dance genre. By
utilizing these descriptions, we can generate more flexible
fundamental dance movements.

2 Related Work
2.1 Dance Generation
In recent years, with the development of deep learning technolo-
gies, research on generating dance synchronized with music has
attracted widespread attention. Current research methods encom-
pass a variety of frameworks and model types, including motion-
graph approaches [31, 32], sequence models [17, 22], VQ-VAE mod-
els [37, 52], Generative Adversarial Networks (GANs) [18], and
diffusion models [24, 41]. Traditional motion graph methods cal-
culate matching scores between music and dance segments using
cross-modal retrieval networks, and construct motion graphs based
on these scores and predefined choreography rules to generate long
dance sequences. However, these methods are limited by predefined
rules, making them difficult to adapt to different dance genres. Fur-
thermore, they fail to achieve fine-grained beat alignment, resulting
in dances that lack diversity and creativity.

Sequence models such as LSTM [12] and Transformer [43] gen-
erate dance sequences autoregressively using music and past se-
quences as input. For example, FACT [22] used a Transformermodel
to generate dance frames conditioned on music and seed motions,
but still faced issues like error accumulation and motion freezing.
Danceformer [21] adopted a two-stage framework to generate key
poses and interpolate between them. However, due to its single-
condition nature, danceformer lacks flexibility in beat choreography
and key pose control.

VQ-VAE models [42], such as Bailando [37] and TM2D [6], en-
hanced rhythm control and semantic generation capabilities in
dance generation through encoding and generating dance move-
ments. Although these methods can capture global choreography
patterns, their reliance on pre-trained codebooks limits dance diver-
sity and complicates the optimization of beat alignment and motion
generation.

GANs [7] have also been applied to dance generation. For exam-
ple, MNET [18] combined a Transformer-based generator with a
multi-genre discriminator to generate dances. Although GAN-based
methods can produce realistic dance animations, they often face
challenges such as mode collapse and training instability during
the training process.

Diffusion models [11, 36] have also been applied to dance gen-
eration, such as EDGE [41] and Logde [23], which used diffusion
techniques to generate diverse and high-quality dance clips. How-
ever, these methods still face challenges in generating long-term
dance movements and efficient generation.

To further improve the flexibility and diversity of generated
dances, recent studies have attempted dance generation guided by

multiple conditions, adding additional conditions beyondmusic dur-
ing the generation process, such as dance style labels, text descrip-
tions, and keyframes. For example, DGSDP [44] introduced dance
style descriptions to generate predefined dance styles, while Beat-
it [13] used keyframes and music beats to address beat alignment
and key pose control issues. Despite improving generation control-
lability, these multi-condition models still suffer from challenges
in simultaneously generating both global and local information. In
addition, they fail to allow dancers to customize fundamental dance
movements corresponding to specific genres.

In summary, while significant progress has been made in the
field of dance generation, generating high-quality, long-term dance
sequences that maintain global consistency remains a challenge.

2.2 State Space Models
State space models [9, 10] are an emerging class of models that have
seen widespread applications in recent years, especially in sequence
modeling tasks, where they have shown great potential. Inspired
by the classical state space model [14], SSMs offer an efficient so-
lution, particularly in modeling long sequence data. Traditional
Transformer models suffer from computational efficiency issues
when handling long sequences, while SSMs successfully alleviate
this issue with their linear time complexity and sequence modeling
capability.

The Structured State Space Sequence (S4) model [9], as an effi-
cient SSM architecture, has garnered attention for its linear scaling
relationship with sequence length. The S4 model has demonstrated
its advantages in handling long sequences, making it a key focus
in sequence modeling research. In recent years, Mamba [8] further
enhanced the model’s performance by introducing data-dependent
SSM layers, surpassing Transformers, especially in large-scale data
processing tasks, and showing strong potential. The success of
Mamba has sparked deep exploration of its applications across
different domains.

For example, Vision Mamba [51] and VMamba [26] have de-
veloped unique scanning techniques for two-dimensional image
processing tasks, fully leveraging the advantages of SSM in im-
age data. Through innovative scanning mechanisms, Mamba and
related models have made significant breakthroughs in computa-
tional efficiency and global perception, enabling better handling of
complex visual tasks.

Moreover, the efficient computation and memory mechanisms
of SSMs have been extended to higher-dimensional data processing.
For instance, Mamba-ND [25] explored the combination of SSM
with different scanning directions, successfully applying theMamba
model to higher-dimensional tasks. In the field of image generation,
DiffuSSM [45] combined SSM with diffusion denoisers, preserving
image details while improving generation efficiency.

Overall, the advantages of SSMs are evident not only in their abil-
ity to efficiently handle long sequence data but also in their flexible
structural design, which can be customized and optimized accord-
ing to the needs of different tasks. As more research progresses,
SSMs are showing strong adaptability and potential across various
application scenarios, especially in tasks like visual recognition,
language understanding, and sequence generation, establishing
themselves as a key technological foundation.
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Figure 2: EDMG Pipeline Overview: EDMG learns to denoise dance sequences 𝑥 from timestep 𝑡 to 0, guided by dance genre
description and descriptions of fundamental movements. The model framework is divided into two parts: PMDmainly denoises
and outputs unrefined motion sequences 𝑥 , which serve as input for the second-stage TRMmodule. Our goal is to generate
long-term dances featuring genre-specific fundamental movements. The figure demonstrates the process of generating the
fundamental “Pirouette” movement in Ballet Jazz dance.

3 Method
3.1 Preliminaries
Selective State Space Model. The SSM-based models, e.g., S4 and
Mamba, are inspired by the continuous system. This system maps
a 1-D function or sequence 𝑥 ∈ R ↦→ 𝑦 ∈ R through a hidden
state ℎ. Mamba is the discrete versions of the continuous system,
which include a timescale parameter to transform the continuous
evolution parameters 𝐴 and projection 𝐵 to discrete parameters
𝐴 ∈ R𝐿×𝐹×𝑁 , 𝐵 ∈ R𝐿×𝐹×𝑁 . 𝐿 is the input sequence length, 𝐹 is the
feature dimension of input 𝑥 , and 𝑁 is the state dimension of𝐴 and
𝐵. The commonly used method for transformation is zero-order
hold (ZOH).

After the discretization, the discretized version can be written
as:

ℎ𝑙 = 𝐴ℎ𝑙−1 + 𝐵𝑥𝑙 (1)

𝑦𝑙 = 𝐶ℎ𝑙 (2)

where 𝐶 ∈ R𝐿×𝐹×𝑁 as the projection parameters.
In our approach, we adopt the Mamba model and incorporate

several improvements inspired by Mamba2 [3]. Specifically, we
introduce the Structured State Space Duality (SSD) and Multi-Input
SSM mechanisms. SSD demonstrates the duality between SSM and
special attention, allowing the use of matrix optimization algo-
rithms from transformers in SSM calculations. The Multi-Input
SSM mechanism implements parameter sharing and parallel in-
put operations when generating SSM parameters (𝐴, 𝐵, 𝐶) from
𝑥 . These enhancements significantly improve the model’s paral-
lelism and scalability while enabling tensor parallelism, allowing
the model to scale to larger dimensions and longer contexts, thereby
substantially boosting training performance and overall efficiency.

Diffusion Model. The diffusion model consists of a diffusion
process and a denoising process. The diffusion process perturbs
the ground truth data 𝑥 into 𝑥𝑡 over 𝑡 steps. Following [11], we
simplify this multi-step diffusion process into one step, which can
be formulated as:

𝑞(𝑥𝑡 |𝑥) = N(√𝛼𝑡𝑥, (1 − 𝛼𝑡 )𝐼 ) (3)

where 𝛼𝑡 is within the range of (0, 1) and follows a monotonically
decreasing schedule. 𝛼𝑡 converges to 0 as 𝑡 goes to infinity, making
𝑥𝑡 converge to a sample from the standard normal distribution
𝐼 . The denoising process employs a base network 𝑓𝜃 to gradually
recover the input 𝑥 , generating 𝑥 conditioned on given signal 𝑐 and
denoising timestep 𝑡 . Instead of predicting the noise, we directly
predict 𝑥 like [41]. Therefore, the training process can be formulated
as:

L𝑟𝑒𝑐𝑜𝑛 = E𝑥,𝑡
[
∥𝑥 − 𝑥 ∥2

2
]
= E𝑥,𝑡

[
∥𝑥 − 𝑓𝜃 (𝑥𝑡 , 𝑡, 𝑐)∥2

2
]

(4)

3.2 EDMG
Overview Architecture. The proposed EDMG utilizes a two-stage
choreographic framework as shown in Figure 2. In the first stage,
a multi-conditional denoising network PMD is designed to follow
the Denoising Diffusion Probabilistic Model (DDPM) diffusion de-
noising process. The noised data is first converted into an ordered
sequence after the serialization process. The sequence is then en-
coded by the well-designed Mamba2 block, i.e., Parallel Mamba
Module (PMM), which efficiently compresses the state space of the
sequence to memorize all of them. Subsequently, the sequence is
fed into a lightweight Local Information Modeling module (LIM)
to downsample the sequence through 1-D convolution [20]. Mean-
while, the system pre-processes music tokens and text tokens, and
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Figure 3: Dance generation with dance genre and fundamen-
tal movement hints. When a dancer wants to choreograph a
specific genre of dance (e.g., Break Dance) or wants to gen-
erate fundamental dance movements like “Indian step” or
“Six-step” from break dance, he/she can use EDMG with de-
scription prompts to guide the generation based on multiple
conditions, thereby creating choreographic works that both
conform to specific dance genre and incorporate the desired
fundamental movements.

inputs the downsampled sequence to a Multi-Head Cross Atten-
tion module for conditional generation. In the second stage, TRM
process the motion generated from the first stage using forward
kinematics function to extract joint positions, velocities, and ac-
celerations. Each joint is then optimized and smoothed across the
global sequence.

Text Prompts. It is well known that there are many different
dance genres. To obtain detailed descriptions of the fundamental
movements for each music genre, we use GPT-3 [2] to generate de-
scriptions for dances. We use the following prompt to acquire these
descriptions: “Please generate detailed descriptions for dance genre
s and fundamental dance movement f, including the characteristics
of the dance in terms of body movement”, where ‘s’ represents
the dance genre and ‘f’ represents the fundamental movement. In
Figure 3, we give two examples. With these descriptions, our model
can enhance dancers’ choreography freedom.

Motion Representation.We represent the dance as a sequence
of poses using the 24-joint SMPL skeleton [28], with a 6-DOF rota-
tion representation [50] for each joint and a single root translation:
𝑤 ∈ R24·6+3=147. For the heel and toe of each foot, we also include
binary contact labels: 𝑏 ∈ {0, 1}2·2=4. The total dance pose rep-
resentation is therefore 𝑝 = {𝑏,𝑤} ∈ R4+147=151. EDMG uses a
diffusion-based framework to learn to synthesize a sequence of
𝐿 frames, 𝑥 ∈ R𝐿×151, conditioned on arbitrary music features 𝑐
extracted through a Jukebox encoder [4], as well as text conditions
𝑔 extracted via a CLIP encoder [33].

3.3 Parallel Mamba Denoiser
The parallel mamba module, as shown in Figure 4, is an architec-
ture designed for efficient sequence modeling through a parameter
sharing mechanism. In the parallel SSM model, each input head
is assigned to an independent dynamic parameter 𝐴, while the in-
put projection parameter 𝐵 and output projection parameter 𝐶 are
shared. The input motion sequence 𝑥 is first projected to a latent
dimension 𝐹 , then split and transformed into 𝑥 ∈ R𝐿×𝐻×𝑃 , where
𝐻 is the number of heads, 𝑃 is the feature dimension of each head.
For all heads 𝑖 = 1, 2, ..., 𝐻 , each has its independent dynamic pa-
rameter 𝐴𝑖 ∈ R. The input projection parameter 𝐵 ∈ R𝐿×𝑁 and
output projection parameter𝐶 ∈ R𝐿×𝑁 are shared among all heads.
𝑁 is the state dimension.

Figure 4: The PMM module encodes the input motion se-
quence 𝑥𝑙 through its powerful content memorizing capa-
bility and efficient parallel computing capacity; PMM has
multiple parallel SSM modules, where the 𝐵 and 𝐶 matrices
share parameters across multiple SSMmodules, the 𝐴matrix
is initialized before input, and each SSM has its own unique
𝐴𝑖 matrix.

For each head 𝑖 at frame 𝑙 , with input 𝑥𝑙
𝑖
, the state update is given

by:

ℎ𝑙𝑖 = 𝐴
𝑙
𝑖ℎ

𝑙−1
𝑖 + 𝐵𝑙𝑥𝑙𝑖 (5)

The output for each head 𝑦𝑙
𝑖
is:

𝑦𝑙𝑖 = 𝐶
𝑙 · ℎ𝑙𝑖 (6)

The outputs from all heads are combined through a concatenation
operation and then projected to produce the final output 𝑦 ∈ R𝐿×𝐹 .
To achieve local information modeling while reducing the number
of parameters and FLOPs, LIM utilizes 1-D convolution to perform
dimensionality reduction on 𝑦 along the 𝐿 dimension.

We use the music input 𝑐 as the main guidance. By using cross
attention to combine 𝑦 with musical conditions, we guide the gen-
eration of dance movements that align with the musical conditions.
We then upsample 𝑦 to R𝐿×𝐹 . Additionally, we employ the textual
condition 𝑔 as the secondary guidance to facilitate the customiza-
tion of specific dance movement styles. The design considers both
the coordination of the music and the specification of the textual
style. we adopt the adaptive instance normalization used in Style-
GAN [15, 16] for integrating the text condition 𝑔.

The training objective is:

L𝑟𝑒𝑐𝑜𝑛 = E𝑥,𝑡
[
∥𝑥 − 𝑥 ∥2

2
]
= E𝑥,𝑡

[
∥𝑥 − 𝑓𝜃 (𝑥𝑡 , 𝑡, 𝑐, 𝑔)∥2

2
]

(7)

where 𝑓𝜃 denotes the PMD block, 𝑥 denotes the predicted results
from PMD, 𝑥𝑡 is the sequence after noise addition, 𝑡 is the denois-
ing time step. During training, we randomly drop the conditioning
input with a 25% probability. This exposes the model to uncondi-
tioned generation scenarios and improves generalization to unseen
prompts. We also incorporate auxiliary losses similar to those in
Tevet et al. [39], which enforce physical properties [35, 38]: joint
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positions, velocities, and foot velocities through our Contact Con-
sistency Loss:

Ljoint =
1
𝐿

𝐿∑︁
𝑙=1

∥𝐹𝐾 (𝑥𝑙 ) − 𝐹𝐾 (𝑥𝑙 )∥2
2 (8)

Lvel =
1

𝐿 − 1

𝐿−1∑︁
𝑙=1

∥(𝑥𝑙+1 − 𝑥𝑙 ) − (𝑥𝑙+1 − 𝑥𝑙 )∥2
2 (9)

Lcontact =
1

𝐿 − 1

𝐿−1∑︁
𝑙=1

∥(𝐹𝐾 (𝑥𝑙+1) − 𝐹𝐾 (𝑥𝑙 )) · 𝑏𝑙 ∥2
2 (10)

where 𝑙 denotes the 𝑙-th frame, 𝐿 is the number of motion frames, 𝑥
is the predicted motion sequence, and 𝑏 is the predicted foot contact
label. The function FK(·) denotes forward kinematics.

3.4 Temporal Refinement Module
In long-term motion generation, the generated motion sequences
often suffer from jitter and noise artifacts. Traditional smoothing
methods face two main challenges: over-smoothing that leads to
detailed loss, and global incoherence due to localized processing.
To address these issues, we propose TRM, a novel motion sequence
smoothing approach based on Fully Connected Neural Networks
(FCN). Our method focuses exclusively on temporal refinement
with global receptive fields, smoothing each joint while addressing
both local detail preservation and global motion coherence.

Temporal refinement module proposes a dual-branch network
architecture that models and optimizes motion sequences from both
positional and kinematic perspectives. Given the motion sequence
𝑥 arranged along the temporal dimension from the first stage, the
forward kinematics function transforms 𝑥 into a linear space 𝑝 ∈
R𝐿×(24×3) . 𝐿 is the length of the dance sequence, 24 is the number
of joints, and 3 represents the three-dimensional coordinates of each
joint. The Position Stream processes spatial features through FCN
with global receptive fields , while the Motion Stream computes
velocity 𝑣𝑙

𝑗
= 𝑝𝑙j−𝑝

𝑙−1
j and acceleration𝑎𝑙

𝑗
= 𝑣𝑙

𝑗
−𝑣𝑙−1

𝑗
of the input for

position refinement. 𝑗 represents the joint index. The optimization
objective is to minimize both position and acceleration errors:

Ltotal = Lpos + Lacc (11)

where

Lpos =
1

𝐿 × 𝐽

𝐿∑︁
𝑙=1

𝐽∑︁
𝑗=1

|𝑝𝑙𝑗 − 𝑝
𝑙
𝑗 | (12)

Lacc =
1

(𝐿 − 2) × 𝐽

𝐿−2∑︁
𝑙=1

𝐽∑︁
𝑗=1

|𝑎𝑙𝑗 − 𝑎
𝑙
𝑗 | (13)

where 𝑝𝑙𝑗 is the predicted pose, 𝑎𝑙𝑗 is the computed acceleration
from predicted pose. 𝐽 = 24 is the number of joints.

4 Experiment
4.1 Experimental Setups
Dataset: In this work, we use the AIST++ dataset [22], which con-
sists of 1,408 high-quality dance motions paired with music from
various genres. To meet the task requirements (i.e., long-term dance
generation), we divide all training samples into segments of 10 sec-
onds at 60 FPS. Music and motion segment pairs with durations less

Table 1: Statistics of sequence counts and corresponding fun-
damental movements for each dance genre.

Genre Sequences Movements

Breaking 172 26
Popping 158 31
Locking 170 22
Waacking 165 26
Medium Hip-hop 160 23
LA-style Hip-hop 168 18
House dance 155 21
Krumping 163 24
Street Jazz 159 22
Ballet Jazz 165 24

than 10 seconds are repeatedly spliced to reach the required length.
The dance sequences in the dataset are divided into 10 dance genres,
each corresponding to dozens of fundamental dance movements.
Our annotations are shown in Table 1. In the experiments, we use
the train/test splits provided by the original dataset. FineDance [24]
is also a widely used dance dataset, which includes 211 dance mo-
tion sequences and contains 7.7 hours of dance data with a frame
rate of 30fps.
Implementation details: The model is trained on 2 NVIDIA RTX
3090 GPUs for 29 hours with a batch size of 32. For the PMDmodule,
the dimension of the motion latent vector 𝐹 is 512, the number of
heads 𝐻 is 128, the projection dimension of the state matrix 𝑁 is 64,
the down-sampling rate of the local information modeling module
is set to 2, the number of attention heads is 4, and the dropout is
0.1. For the TRM module, the number of modules M is set to 5,
using LeakyReLU [30] as the non-linear activation function. For
DDPM [11], the diffusion time steps are configured to 1000. We use
Adam [19] as the optimizer, with a learning rate set to 0.0002.

4.2 Evaluation Metrics
We comprehensively evaluate our method from the following as-
pects. Motion Quality primarily measures the quality of dance
movements, analyzing their natural smoothness and physical real-
ism. It includes FID𝑘 [22], FID𝑔 [22], Physical Foot Contact (PFC) [41],
and Physical Body Contact (PBC) [29]. FID𝑘 and FID𝑔 are the
Fréchet Inception Distances (FID) of generated dance and ground
truth dance in the dataset, with subscripts 𝑘 and 𝑔 representing
FID calculated using kinematic and geometric features, respectively.
EDGE introduced the PFC score, which assesses the plausibility of
dance movements directly through the acceleration of the hips and
the velocity of the feet. PBC extends the evaluation to the entire
body, including the neck and hands, to create a body contact score.
Motion diversity primarily focuses on the richness and diversity
of movements, including DIV𝑘 and DIV𝑔 . Beat Alignment Score
(BAS) [22] measures the degree of rhythmic alignment between
music and dance. It evaluates how well the timing of dance move-
ments corresponds to the beats of the music. Model Efficiency
is evaluated based on aspects such as model average inference
time (AIT) and GPU utilization. Prompt-to-motion alignment
uses MultiModal Distance (MM) to measure how accurately the
generated motion reflects the given textual condition. User Study
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Table 2: Comparison with the state-of-the-art methods on AIST++. ↑ indicates higher is better, ↓ indicates lower is better.

Method Motion Quality Motion Diversity BAS↑ AIT↓ MM↓FID𝑘 ↓ FID𝑔 ↓ PFC↓ PBC↓ Div𝑘 ↑ Div𝑔 ↑
Ground Truth 6.83 6.53 1.23 2.84 6.53 7.16 0.51 / 3.7
FACT [22] 55.35 30.34 1.42 8.53 5.67 5.94 0.18 29.63s 9.3
Bailando [37] 28.17 9.43 1.32 8.92 6.17 9.42 0.23 6.63s 8.6
Lodge [23] 37.09 18.79 1.07 3.23 5.58 4.85 0.24 5.64s 6.9
EDGE [41] 14.81 7.69 2.34 5.71 9.06 7.49 0.21 7.24s 6.5
EDMG 10.69 7.35 0.96 2.34 8.75 7.35 0.41 3.64s 4.5

Table 3: Comparison with the state-of-the-art methods on
FineDance.

Method FID𝑘 ↓ FID𝑔 ↓ BAS ↑
EDGE 94.34 50.38 0.21
Lodge 45.56 34.29 0.23
EDMG 40.23 35.75 0.32

collects human ratings on Genre Matching (GM), RhythmMatching
(RM), and Diversity (Div) to further assess the generated results.

4.3 Comparison to Existing Methods
As shown in Table 2, we compare EDMG with four state-of-the-
art methods. FACT [22] is a classic autoregressive generation al-
gorithm, while Bailando [37] is an outstanding dance generation
network based onVQ-VAE andGPT, demonstrating excellent perfor-
mance. Lodge [23] is a coarse-to-fine two-stage diffusion generation
method. EDGE [41] is a diffusion-based dance generation method
that supports dance editing operations such as inbetweening, con-
tinuation, and multi-conditional generation, showing high-quality
generation in short-term dance generation. For a fair comparison,
We train FACT, Bailando, EDGE and our EDMG under the same
experimental setting, using sequences of 10 seconds at 60 FPS. For
Lodge, we directly adopt the results reported in their original paper.
Compared to these methods, EDMG achieves significant improve-
ments in motion quality, beat alignment, and efficiency for long
sequence dance generation. In our experimental results, we achieve
the best scores in 𝐹𝐼𝐷𝑘 and 𝐹𝐼𝐷𝑔 for motion generation quality,
demonstrating that our method can generate high-quality motion
sequences. We observe significant improvements in physical plau-
sibility metrics, with PFC and PBC scores reduced to 0.96 and 2.34,
respectively. Notably, in terms of lower body measured by PFC,
we outperform methods like Lodge which uses foot positions as
conditions for diffusion denoising. Our method also demonstrates
excellent performance in diversity. In terms of beat alignment score,
we achieve 0.41 compared to EDGE, indicating that our generated
motions better correspond to musical beats. We also obtain a low
MM score of 4.5, suggesting better alignment with the given tex-
tual conditions. Regarding model efficiency, our average inference
time is 3.64 seconds, showing a 50% improvement compared to
EDGE, thanks to our adoption of the mamba2 ssm-based denoiser,
which is more suitable for fast inference. Similarly, as shown in
Table 3, EDMG also demonstrates competitive performance on the
FineDance dataset.

Figure 5: GPU Memory Efficiency Comparison on AIST++.

Table 4: Ablation results of PMD on AIST++.

Method FID𝑘 ↓ FID𝑔 ↓ PFC ↓ PBC ↓ Train Time ↓
EDMG 10.69 7.35 0.96 2.34 29h
w/o LIM 13.05 8.24 1.26 2.75 36h
w/o PMM 10.75 7.56 1.13 2.64 294h

A systematic evaluation is also conducted on EDMG and other
algorithms in terms of computational resource utilization, as shown
in Figure 5. In the short dance generation scenario (sequence length
of approximately 50 frames), EDMG and other methods exhibit sim-
ilar GPU memory consumption. However, as the sequence length
increased, the GPUmemory consumption of EDMG exhibits a linear
growth characteristic, reducing resource consumption compared
to other methods.

4.4 Ablation Study
Parallel Mamba Denoiser: We conduct experiments, by compar-
ing the variant without LIM and the variant without the parallel
mambamodule (i.e., using the standardMamba sequence generation
method). As shown in Table 4, compared to the variant without LIM,
our complete model achieves significant improvements in dance
generation quality, indicating that our method successfully captures
temporal correlations between dance movements. Additionally, the
one-dimensional convolutional dimensionality reduction operation
used in LIM effectively improves the computational efficiency of the
model. In another experiment, we compare our PMD using PMM
(parameter sharing Multi-Input SSM) with the standard Mamba
method. The result demonstrates that our method improves the
model training efficiency by an order of magnitude.

Temporal Refinement Module: EDMG reduces accumulated
joint motion errors in the temporal dimension through TRM. As
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Figure 6: Visual comparison of dance sequences generated by different dance genre descriptions and descriptions of fundamental
movements. The green boxes show dance sequences generated solely based on music conditions. The other sequences are
generated jointly conditioned on both music and dance descriptions. The red boxes highlight the movement details in the
generated dance sequences that correspond to the textual descriptions.

Table 5: Ablation results of TRM on AIST++.

Method FID𝑘 ↓ FID𝑔 ↓ PFC ↓ PBC ↓
Ground Truth 6.83 6.53 1.23 2.84
EDMG 10.69 7.35 0.96 2.34
w/o TRM 11.24 7.34 2.42 5.63

Table 6: User study results comparing EDMG and EDGE on
AIST++ (A) and in-the-wild (W) music.

Method GM-A ↑ GM-W ↑ RM-A ↑ RM-W ↑ Div-A ↑ Div-W ↑
EDGE 7.5 6.9 7.4 7.2 7.3 7.2
EDMG 8.3 8.1 8.4 8.1 8.2 7.9

reported in Table 5, our method significantly outperforms the vari-
ant without TRM on PFC and PBC metrics. Since these metrics
relate to motion acceleration characteristics, our TRM effectively
enhances dance fluency and rhythmic quality bymodeling temporal
dependencies.

4.5 User Study
We run a user study with 30 participants, including 10 professionals.
We compare EDMG with EDGE on dance generation using AIST++
("A") music and in-the-wild ("W") music. As shown in Table 6, par-
ticipants generally prefer EDMG in terms of aesthetic preference
and perceived generation quality.

4.6 Text-Driven Visualization Analysis
For the same audio input, our proposed method can generate di-
verse style-specific fundamental movements through text-guided

conditioning. Figure 6 presents the visualization results, system-
atically comparing unconditionally generated fundamental move-
ments with specific genre fundamental dance movement units gen-
erated through text prompts such as “Salsa rock” and “Point”. Ex-
perimental results demonstrate that the proposed method can well
capture and generate the fundamental movements of various dance
genres.

5 Conclusion
In this research, we presented a diffusion-based two-stage chore-
ography generation model that effectively addressed the current
challenge of utilizing generative models to efficiently produce re-
alistic and extended dance sequences. Our model demonstrates
state-of-the-art performance on the AIST++ and FineDance dataset.
Concurrently, we substantially improve both training and infer-
ence processes, achieving a reduction in GPU memory utilization
and AIT. Particularly significant is our model’s personalization
capability, which enables users to select dance genres and funda-
mental movements that better align with practical requirements
for personalized generation.

Despite these advantages, our approach exhibits certain limita-
tions. It lacks fine-grained facial expressions and finger movements,
which are essential components of dance performance. Further-
more, our model fails to achieve optimal results when generating
choreography for in-the-wildmusic with complex, rapidly changing
rhythms. Future workwill address these issues, with the objective of
developing more immersive and comprehensive dance generation
systems that can capture the full expressivity of human movement
across diverse musical contexts.
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