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Abstract—Music-driven dance generation is a challenging task
as it requires strict adherence to genre-specific choreography
while ensuring physically realistic and precisely synchronized
dance sequences with the musical beats and rhythm. Although
significant progress has been made in music-conditioned dance
generation, most existing methods struggle to convey specific
stylistic attributes in generated dance. To bridge this gap, we
introduce a diffusion-based framework for genre-specific 3D
full-body dance generation, conditioned on both music and
descriptive text. To effectively incorporate genre information,
we develop a text-based control mechanism that maps input
prompts, either explicit genre labels or free-form descriptive
text, into genre-specific control signals, enabling precise and
controllable text-guided generation of genre-consistent dance
motions. Furthermore, to strengthen the alignment between
music and textual conditions, we leverage the features of a music
foundation model, facilitating coherent and semantically aligned
dance synthesis. Last, to balance the objectives of extracting
text-genre information and maintaining high-quality generation
results, we propose a novel multi-task optimization strategy. This
effectively balances competing factors such as physical realism,
spatial accuracy, and text classification, significantly improving
the overall quality of the generated sequences. Extensive exper-
iments on the FineDance, AIST++, and PopDanceSet datasets
demonstrate the superiority of GCDance over the existing state-
of-the-art approaches. The source code and demonstration videos
are available at https://xinranliu7715.github.io/gcdance/.

Index Terms—3D human dance, music to dance generation,
diffusion model, controllable generation, multi-task learning.

I. INTRODUCTION

DANCING is a universal form of cultural expression and
a powerful medium for conveying emotions. However,

choreography is an artistic skill that demands years of training.
During the choreographic process, the body movements of the
choreographer need to be aligned with the musical rhythm
while reflecting the stylistic characteristics of a specific dance
genre [1]. As a result, the use of AI for music-driven chore-
ography shows promising research potential.

In recent years, numerous deep-learning-based methods
have been proposed for the task of dance generation. Early
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Fig. 1: Conditioned on music and a genre-descriptive prompt,
GCDance generates 3D dance motions that are temporally
aligned with the rhythm and semantically consistent with the
textual instruction.

dance generation approaches often rely on autoregressive
models that directly predict future dance movements from the
past motion sequences [2], [3], but they frequently encounter
challenges such as motion freezing during long-term gen-
eration. To mitigate this issue, Vector-Quantized Variational
AutoEncoder (VQ-VAE) based methods [4], [5] introduce a
discrete codebook of motion units, effectively stabilizing long-
range motion. Nevertheless, the reliance on a fixed latent
vocabulary inherently restricts the diversity and expressiveness
of generated dances [6]. More recently, diffusion models [7]
have shown remarkable performance in various generation
tasks. Unlike methods that rely on predefined seeds or fixed
latent vocabularies, diffusion models iteratively refine noise
into coherent outputs, thereby capturing a broader space of
potential motions. These approaches [8], [9], [10] greatly
enhance both diversity and expressiveness of dance motions
generated. However, existing approaches often struggle to
convey specific stylistic attributes. Although these methods can
generate a single style of dance for a given piece of music,
they may lead to mismatches between the generated motion
and the musical style, or may fail to produce dances that align
with a user-intended genre.

To address these limitations, we propose GCDance, a genre-
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controllable 3D full-body dance generation model conditioned
on both music and text. GCDance focuses on generalization to
high-�delity motions while maintaining controllability. Specif-
ically, we introduce a classi�cation-based control mechanism
utilizing explicit genre labels or descriptive natural language
prompts as input. The textual input is �rst classi�ed to deter-
mine its corresponding dance genre, and subsequently encoded
into control signals to guide the generation process, enabling
the model to modulate the generated dance style accordingly.
With the introduction of the text as an additional conditioning
modality, aligning it with the music representation is critical
for achieving consistent and controllable dance generation.
However, the majority of current approaches are based solely
on hand-crafted music features [11], [12], which are typically
low-level and inadequate for modeling the complex and nu-
anced correlations between music and textual descriptions. To
achieve a better alignment between these multimodal signals,
we integrate hand-crafted features with deep representations
from the Wav2CLIP music foundation model [13]. By map-
ping audio and text into a shared embedding space, Wav2CLIP
enables cross-modal alignment that captures musical semantics
and genre attributes with a single representation for motion
control, thereby enabling the model to generate stylized dance
motions conditioned on various textual prompts.

Apart from the above genre-controlled mechanism, achiev-
ing robust dance generation inherently involves multiple objec-
tives. This requires the model to balance goals such as spatial
accuracy, temporal coherence, and genre control. In practice,
these objectives may con�ict with each other, leading to trade-
offs in the generated motions. For example, increasing motion
diversity can reduce �delity and coherence, and highly realistic
sequences may still fail to re�ect the intended genre style.
Existing approaches typically consolidate these competing
objectives into a single loss function with manually tuned
weights [8], [14], often leading to suboptimal trade-offs among
different aspects of motion quality. To achieve a dynamic
balance among these tasks and enhance the performance of
generated dances, we adopt a Multi-Task Learning (MTL)
framework that jointly optimizes multiple objectives such as
motion quality, velocity constraints, foot contact consistency,
and genre classi�cation. By assigning a distinct objective
function to each requirement, our method dynamically adjusts
the training process and ultimately improves motion quality,
achieving state-of-the-art performance across multiple quanti-
tative evaluation metrics. In addition, our model is trained on a
dataset with 52-joint full-body representations, which include
detailed hand movements. This richer skeletal representation
further enhances the realism and expressiveness of the gener-
ated dances by capturing �ne-grained motion details that are
neglected in previous studies.

In summary, our main contributions include:
� We introduce a diffusion-based multi-genre dance gener-

ation model, namely GCDance. It enables controllable
dance generation by conditioning on both music and
textual prompts.

� To enhance cross-modal alignment, GCDance leverages
a pretrained music foundation model that captures both
high-level semantic cues and low-level audio details for

more coherent and expressive dance generation.
� We introduce a novel multi-task learning framework that

jointly optimizes diverse objectives for a more balanced
model training.

� Extensive experiments on the FineDance, AIST++, and
PopDanceSet datasets show that GCDance consistently
outperforms existing approaches on various metrics.

II. RELATED WORK

A. Music Driven Dance Generation

Early studies [15], [16] treat this task as a similarity-
based retrieval problem, where motion segments are selected
from a prede�ned database based on the input music. These
approaches inherently limit the diversity and creativity of the
generated dances. To mitigate this, deep learning methods re-
frame the task as motion prediction using architectures such as
Convolutional Neural Network (CNN) [17], Recurrent Neural
Network (RNN) [18], [19], and Transformers [20], [21], [22].
However, these frame-by-frame prediction methods are often
prone to error accumulation and motion freezing [23].

Recent research has shifted to the generative pipeline.
TM2D [5] quantizes 3D motion with a VQ-VAE and uses a
cross-modal Transformer conditioned on music and text to pre-
dict motion tokens and generate dance segments. Bailando [4]
learns a discrete motion vocabulary and frames dance synthesis
as music-conditioned token prediction, using a reinforcement
learning evaluator that derives beat-alignment rewards from
the audio to enhance rhythmic synchrony. These systems make
progress, yet they are complex and often rely on handcrafted
musical features such as Mel-Frequency Cepstral Coef�cient
(MFCC), chroma features, and one-hot beat indicators, which
miss the intricate detail needed for precise music–movement
correlation. EDGE [8] proposes a single transformer-based
diffusion model for generating dance driven by music, paired
with a Jukebox feature extractor and strong editing capa-
bilities. POPDG [24] builds on iDDPM [25] with Jukebox
features and introduces a space augmentation algorithm to
achieve a balance between generation quality and diversity.
Nevertheless, these approaches remain insuf�cient to achieve
genre controllability. The potential of textual semantics is still
underexplored, resulting in unstable style control and limited
genre diversity.

B. Diffusion Models

Diffusion models [7], [25] have advanced rapidly in recent
years [26] and are widely adopted in multiple domains, in-
cluding image generation [27], [28], audio synthesis [29], [30],
[31], and text generation [32], [33]. For conditional generation,
existing approaches often employ classi�er guidance [34], [35]
or classi�er-free guidance [36], [37] to improve sample quality,
both of which operate at inference time and apply to pretrained
diffusion models without �ne-tuning.

Moreover, the strong capacity of diffusion models for con-
trollable generation is gaining signi�cant attention. Blended
Diffusion [38] introduces a model for text-conditional image
generation. It leverages CLIP [39] to guide the diffusion
process, ensuring the resulting images align with the target
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Fig. 2: An overview of GCDance. Left: the multimodal inputs and feature extraction. Middle: the training process at a given
diffusion timestept. Right: the sampling process, which iteratively generates a sequence of dance motions.

prompt. GMD [40] adapts diffusion for trajectory genera-
tion, incorporating spatial constraints to enhance the cor-
respondence between spatial information and local poses.
Alexandersonet al. [41] introduce an audio-driven method for
gesture and dance generation, featuring controls for style and
expressive intensity. However, this method is limited to only
four genres. Note that dance motion generation is inherently
complex and further challenged by data scarcity [8]. In our
work, we propose a diffusion-based method that generates 16
different dance genres from music and allows for text-based
control over various dance types.

C. Multi-Task Learning

Multi-Task learning (MTL) trains related tasks simultane-
ously using a shared representation. Although early MTL
methods sometimes underperform single-task models [42],
recent approaches have overcome these issues. For example,
MTAN [43] is a multi-task learning architecture that uses
dynamic weight averaging with task-speci�c feature-level at-
tention by employing a shared network and soft-attention mod-
ules without preset weighting schemes. Similarly, an impartial
MTL was proposed in [44], which uses distinct strategies
for shared and task-speci�c parameters. In addition, Nash-
MTL [45] re-frames the gradient combination as a bargaining
game, using the Nash Bargaining Solution [46] to negotiate
a joint update direction among tasks. To improve training
stability, Aligned MTL was developed [47], which aligns the
orthogonal components of gradient systems according to their
condition number. Furthermore, a Bayesian gradient aggrega-
tion method was introduced to model uncertainty over task-
speci�c parameters and gradients [48]. These advances have
been widely applied in various �elds in computer vision [49],
[50] and natural language processing [51], [52].

Combining different training objectives is common in dance
generation. However, existing approaches typically consolidate

these competing objectives into a single loss function with
manually tuned weights [8], [14], rather than weights learned
by parametric heuristics. This often leads to suboptimal trade-
offs among different aspects of motion quality. To address
this issue, we propose a novel multi-objective training strategy
that integrates parametric loss heuristics like Nash MTL and
Aligned MTL to optimize these training objectives.

III. T HE PROPOSEDGCDANCE METHOD

In this section, we present the details of the proposed
GCDance method, introducing its overall architecture and key
components. The diffusion preliminaries of our approach are
provided in the supplementary material.

A. The GCDance Architecture

The overall architecture of GCDance is illustrated in Fig. 2.
We de�ne three modalities in the framework: dance motion,
music, and textual prompt. Each modality is turned into an
informative representation as detailed below.

Given a long music-dance pair, we �rst divide it intoN 4-
second segments. For each segment, we uniformly samplek
frames from the corresponding dance motion and music clip.

To representdance motion, we employ the Skinned Multi-
Person Linear (SMPL) format [53], and de�ne three primary
components: (1) Human joint positions: The52 joint positions
are transformed into a312 (i.e. 52 � 6) dimensional rotation
representation with6 degrees of freedom (DOF), denoted as
p 2 R312. (2) Root translation: A3D vector describes the
global translation of the root joint. (3) Foot-ground contact:
Following EDGE [8], a4D contact labelf 2 R4 encodes the
binary heel and toe contact states for each foot. In total, the
complete pose sequence is represented asm 2 Rk � 319, where
k represents the number of frames.
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Fig. 3: The decoder of GCDance.

For music representations, existing approaches typically
rely on hand-crafted musical features, overlooking recent ad-
vances in music foundation models, which have shown strong
potential for capturing nuanced representations of music. To
address this limitation, GCDance integrates music embeddings
extracted from a pretrained music foundation model with
hand-crafted music features, effectively utilizing both high-
level semantic insights and low-level temporal speci�cs to
improve the �delity of the generated dance sequences. For
high-level representations, we adopt Wav2CLIP [13] as the
music encoder. Wav2CLIP is an audio-visual correspondence
model that distills from the CLIP framework [39]. It is trained
to predict CLIP-style embeddings from raw audio by aligning
them with frozen vision-based representations extracted from
videos. For hand-crafted music features, we employ Short-time
Fourier Transform (STFT) that captures �ne-grained temporal-
frequency features in music signals [54]. In GCDance, we
extract STFT features using the Librosa toolbox [55].

For text representations, our goal is to establish a free
form text guided dance generation framework. However, the
absence of text–dance paired data in existing datasets presents
a signi�cant limitation. To overcome this issue, we construct a
dance genre description dataset and develop a genre classi�er
P that maps free-form textual descriptionsCdesc to genreĝ.
Comprehensive details of this dataset are provided in the
supplementary materials.

To evaluate the genre classi�er, we compute the binary
cross-entropy (BCE) loss which measures the divergence be-
tween the predicted distribution̂g and the ground-truth genre
label g for each music–text pair:

ĝ = P(Cdesc); (1)

L C = BCE (ĝ; g) (2)

Based on the predicted genreĝ, we apply a prompt learning
strategy [56] to transform the discrete label into a complete
textual prompt, thereby providing genre-related semantic in-
formation to guide the generation process. For example, given
the genre label “Jazz,” the generated sentence is “This is a Jazz
type of music.”. CLIP is then employed to encode this prompt
into a semantic embedding, denoted asCE , which captures
genre-speci�c textual semantics aligned with the user's input.

Fig. 4: The control module of GCDance.

Last, GCDance takes the inputs as noise slicedT , mu-
sic conditionCM , text genre embeddingCE , and diffusion
timestept. These inputs are then processed by a Transformer-
based denoising model. As depicted in Fig. 3, we use two
specialized expert downsampling modules inspired by [14],
each tasked with independently modeling the distributions of
body and hand motion. The approach leverages the distinct
kinematics and degrees of freedom between body and hands.
By employing two specialized branches that learn component-
speci�c representations, it improves local kinematic �delity
and overall expressiveness in the generated motion.

More speci�cally, the motion sequences are processed in
parallel by two Transformer-based networks. Each network in-
cludes stacked self-attention and cross-attention blocks, multi-
layer perceptrons, and Feature-wise Linear Modulation (FiLM)
layers [57]. The output features from the body decoder are
injected into the cross-attention layer of the hand decoder to
help capture the relationship between body and hand move-
ments effectively. Despite this design, a signi�cant domain
gap remains between the conditioning feature space and the
motion feature space. To mitigate this gap, we introduce a
lightweight adapter that processes the extracted music and
text representations and maps them into a motion-aligned
latent space. Additionally, to integrate the music conditioning,
the decoder applies cross-attention in which queries attend
to music keys and values derived from the projected music
embeddings, following [58].

Genre-Controllability. As shown in Fig. 4, the control
module integrates genre information into the generation pro-
cess at each diffusion timestep through a FiLM layer. FiLM
modulates the intermediate activations of the network through
af�ne transformations conditioned on external inputs, enabling
dynamic adaptation of the contextual signal representations.

In GCDance, we use the output from the previous network
layer, denoted asY , along with a genre embeddingCE

as inputs to the control module. The genre embedding is
conditioned on the current diffusion timestep and then used
to derive the FiLM modulation parameters as follows:


 = � w (� (CE )) ; " = � b(� (CE )) (3)

F iLM t (Y ) = 
 � Y + "; (4)

where � denotes a text-embedding adapter that re�nes the
representation,� denotes element-wise multiplication, and� w
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and � b are learned linear projections.

B. Multi-Objective Training

Training Objective. The training process involves �ve
objectives. We employed the loss functionL S from DDPM
as our primary objective, de�ned as:

L S = Em0 ;t

h
km0 � f rev (dt ; t; CM ; CE )k2

2

i
(5)

In addition, to generate �uent and physically-plausible
motion sequences, we additionally integrate several auxiliary
losses common to motion generation tasks, such as EDGE [8]
and Motion Diffusion Model (MDM) [6]. These auxiliary
losses are designed to align three key aspects: joint positions
(Equ. 6), velocities (Equ. 7), and foot contact (Equ. 8).
Following prior work [6], the forward kinematic function
FK (�) is utilized to derive joint positions from joint angles,
which facilitates the joint loss calculation:

L J =
1
n

nX

j =1






 FK

�
mj �

� FK
�

m̂j
� 







2

2
(6)

wherej denotes the frame index and̂mj is the predicted pose
for the j -th frame. Furthermore, velocity and acceleration are
computed, leading to the velocity loss:

L V =
1

n � 1

n � 1X

j =1







�
mj +1 � mj �

�
�

m̂j +1 � m̂j
� 







2

2
(7)

Finally, we utilize the contact lossL F, leveraging binary foot-
ground contact labels to optimize foot contact consistency
during motion generation:

L F =
1

n � 1

n � 1X

j =1







�

FK
�

m̂j +1
�

� FK
�

m̂j
��

� b̂
j







2

2
(8)

whereb̂
j

is the predicted binary foot-ground contact label.
To balance multiple training objectives and address the

optimization challenges such as con�icting or dominating gra-
dients, we propose a multi-objective training strategy below:

L = � (L S; L J ; L V ; L F ; L C ) : (9)

This strategy relies on a heuristic function� that combines
�ve distinct losses into a single optimization objective. The
goal is to �nd a parameter set� that minimizes the overall
aggregation loss:

� � = min
�

TX

i =1

L i (� i ) (10)

whereT denotes the number of loss components, andL i (� i )
represents thei -th loss function.

MTL Training Strategy . In our implementation, we ex-
plore two different heuristics, including Nash MTL [45] and
Aligned MTL [47], to learn the parameter set� .

Nash MTL is designed to compute an update vector� � that
integrates the task-speci�c gradientsgi , while ensuring that� �

remains within an� -radius ball centered at zero, denoted by
B � . This is formulated as the following optimization problem:

arg max
� � 2 B �

� i log(� � | gi ) (11)

The optimal solution to this problem is (up to scaling)� i � i gi ,
where � 2 RK

+ is the solution toG| G� = 1=� with
the reciprocal taken element-wise. The complete Nash MTL
algorithm is speci�ed as follows:

Algorithm 1 Nash-MTL

Require: Initial parameter vector� (0) , differentiable loss
functionsf l i gK

i =1 , learning rate�
1: for t = 1 ; : : : ; T do
2: Compute task gradientsg( t )

i  r � ( t � 1) l i
3: Form matrixG( t ) with columnsg( t )

i
4: Solve for � : (G( t ) ) | G( t ) � = 1=� to obtain� ( t )

5: Update parameters:� ( t )  � ( t � 1) � �G ( t ) � ( t )

6: end for
7: return � (T )

Aligned MTL is a method that aligns the principal com-
ponents of the gradient matrix to enhance training stability.
As formulated in Equ. 12, it minimizes the Frobenius dis-
tance between the original gradient matrixG and its aligned
version Ĝ. A key condition imposed by this equation is the
orthogonality of Ĝ, which signi�es that the product ofĜ
and its transpose is the identity matrix. This orthogonality
decorrelates task update directions and normalizes their scales,
which improves the conditioning of the gradient system and
stabilizes optimization.

min
Ĝ

kG � Ĝk2
F s:t: Ĝ| Ĝ = I (12)

Ĝ = �UV | = �GV � � 1V | (13)

Equ. 13 outlines the approach, wherêG is determined
through singular value decomposition (SVD). In this proce-
dure, the matrixG is decomposed into three distinct compo-
nents:U, � , andV | . U andV form orthogonal bases, and� is
a diagonal matrix containing the non-negative singular values
of G, typically arranged in descending order. The complete
Aligned MTL algorithm is formally detailed below:

Algorithm 2 Aligned-MTL

Require: Gradient matrixG 2 Rj � j� T , task importancew 2
RT

1: ComputeM  G| G
2: Perform eigen-decomposition onM : (�; V )  eig(M )
3: Construct inverse root� � 1  diag

� q
1

� 1
; : : : ;

q
1

� R

�

4: Compute transformation matrixB  
p

� R � V � � 1V |

5: Compute task weight vector�  Bw
6: return G�

C. Sampling Process

The sampling process is illustrated in the right part of Fig. 2.
At each denoising timestept, rather than predicting the noise
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Fig. 5: GCDance supports joint-speci�c and temporally-speci�c generation under local constraints. In the left example, trunk
joints are constrained and arm joints are generated. In the middle example, upper body joints are constrained and leg joints
are generated. In the right example, the �rst one second is constrained and the �nal three seconds are generated.

termdt for reconstruction like standard diffusion methods, our
model directly estimates the dance posem̂. This estimated
pose is then diffused back to timestept � 1 per Equ. 14.

dt � 1 � q(m̂(dt ; CE ; CM ); t � 1) (14)

This process is iterated untilt = 0 .
Editing Sampling. Building on [8], our approach employs

diffusion inpainting during the sampling process to enable
�exible, constraint-guided editing across joints and temporal
segments, as depicted in Fig. 5. Given a partial reference
motion mknown and a corresponding binary maskB indicating
the constrained positions, the model denoises the sequence
during sampling as follows.

dt � 1 := B � q(mknown; t � 1) + (1 � B) � dt � 1 (15)

where� is the Hadamard product, which performs an element-
wise substitution of known motion parts with noisy samples,
guided by the speci�ed constraint.

Given a reference motionmknown 2 Rk � 319 and a mask
B 2 f 0; 1gk � 319, with B marking hand-joint features as0
and body-joint features as1, the system generates ak-frame
sequence in which body-joint movements are taken from the
user reference, while coherent hand dance movements are
synthesized for the hand joint regions. By offering �exible
temporal and spatial control, the editing framework provides
a robust capability for downstream applications, allowing the
generation of dance sequences that adhere to diverse user-
speci�ed constraints.

Long-term Sampling. Building on editing capability, our
model further supports the generation of long-term dance
sequences with temporal consistency. Speci�cally, given a
long music sequence, we split it intoN sub-sequences of4
seconds each. During the sampling process, GCDance enforces
temporal continuity by aligning the �rst2 seconds of each
subsequence with the previous subsequence's last2 seconds.
To further maintain consistency between adjacent2-second
generated slices, we apply interpolation with linearly decaying
weights to enhance performance. Through this approach, de-
spite being trained on 4-second segments, our model supports
the synthesis of arbitrarily long dances by applying temporal
constraints across successive segments.

IV. EXPERIMENTAL RESULTS& A NALYSIS

This section presents the datasets, evaluation metrics, and
experimental results. Additional implementation details are
available in the supplementary material.

A. Dataset

The evaluation is conducted on the FineDance [14],
AIST++ [2], and PopDanceSet [24] datasets. FineDance com-
prises7:7 hours of music-dance pairs totaling831; 600frames
at 30 frames per second across16 genres. The mean dance
duration is152:3 seconds. The motion data is represented by
a standard52-joint 3D skeleton including �nger joints. All
methods are trained on the183 music tracks in the training
split. For evaluation,18 songs from the test set are used
to generate270 dance clips, with the original corresponding
dances serving as the ground truth. AIST++ contains1; 363
3D dance sequences paired with music, totaling5:2 hours
of motion data across10 distinct genres at a frame rate
of 60 FPS. PopDanceSet [24] contains263 dance videos
paired with180 music tracks and covers19 genres performed
by 132 subjects, totaling3:6 hours of motion data. Both
AIST++ and PopDanceSet datasets employ a24-joint skeleton
representation based on the SMPL model [53]. For these
two benchmarks, we strictly adhere to the of�cial evaluation
protocols for training and testing.

B. Evaluation Metrics

We evaluate our method based on four aspects: motion qual-
ity, motion diversity, motion-music correlation, and physical
plausibility.

Motion Quality : We employ Fŕechet Inception Distance
(FID) [60] to evaluate motion quality. This metric calculates
the feature space distance between the distributions of gen-
erated sequences and ground truth sequences to assess their
dissimilarity.

Diversity: Following Bailando [4], we measure diversity
based on the average Euclidean distance of kinetic features
within the generated motion set.

Beat Synchronization: To assess the synchronization be-
tween motion transitions and music beats, we adopt the Beat
Alignment Score (BAS) [4], which quanti�es the alignment
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TABLE I: Comparison on FineDance. We highlight the best result inbold, and the second-best in underline. # denotes lower
is better," denotes higher is better, and! denotes closer to the ground truth (GT) is better.� denotes abnormally high Div
values caused by discontinuous motions [2].

Motion Quality Motion Diversity PFC# PBC! BAS"
FID hand# FID body# Div hand" Div body"

GT / / 11.8156 ± 0.1314 10.1810 ± 0.1327 / 5.23 ± 0.16 0.2318 ± 0.0070

DanceRevolution [59] 219.52 ± 18.32 99.83 ± 7.79 1.85 ± 0.60 4.49 ± 0.25 6.81 ± 0.81 23.39 ± 2.03 0.2104 ± 0.0057
MNET [3] 195.56 ± 5.04 154.79 ± 2.80 6.79 ± 0.20 8.25 ± 0.39* 2.98 ± 0.11 12.21 ± 0.15 0.1792 ± 0.0014

Bailando [4] 55.60 ± 8.15 57.77 ± 6.01 6.40 ± 0.68 4.27 ± 0.43 0.34 ± 0.01 3.09 ± 0.06 0.2152 ± 0.0028
EDGE [8] 25.37 ± 3.24 51.56 ± 3.62 8.29 ± 0.30 5.88 ± 0.32 0.21 ± 0.03 7.78 ± 0.07 0.2171 ± 0.0056

FineNet [14] 26.88 ± 3.09 23.59 ± 3.56 8.30 ± 0.45 6.64 ± 0.28 0.12 ± 0.01 3.35 ± 0.11 0.2066 ± 0.0046
DGFM [10] 20.69 ± 3.52 24.63 ± 3.14 8.77 ± 0.41 6.77 ± 0.75 0.20 ± 0.01 4.23 ± 0.06 0.2153 ± 0.0054
LODGE [11] 18.36 ± 2.10 47.56 ± 1.37 8.57 ± 0.36 5.41 ± 0.27 0.13 ± 0.013.46 ± 0.06 0.2327 ± 0.0050

GCDance (Nash) 17.69 ± 2.70 22.90 ± 2.45 9.47 ± 0.38 6.39 ± 0.23 0.13 ± 0.01 4.71 ± 0.06 0.2238 ± 0.0056
GCDance (Aligned) 18.06 ± 3.12 21.67 ± 2.41 9.01 ± 0.47 6.84 ± 0.75 0.15 ± 0.01 4.54 ± 0.07 0.2205 ± 0.0041

by computing the average temporal distance between each
kinematic beat and its nearest musical beat.

Physical Plausibility: We employ two complementary met-
rics to evaluate the physical realism of the generated motions.
The Physical Foot Contact (PFC) metric [8] captures the
consistency between the center-of-mass (COM) trajectory and
foot-ground contact, while the Physical Body Contact (PBC)
score [24] extends this concept by incorporating upper-body
dynamics from the neck and hands.

C. Quantitative Results

In Table I, we compare our method with DanceRevolu-
tion [59], MNET [3], Bailando [4], EDGE [8], FineNet [14],
DGFM [10] and LODGE [11]. Among these, only FineNet
is originally trained on the FineDance dataset. For a fair
comparison, we retrain the other methods on FineDance using
their publicly available code and default training con�gura-
tions. MNET is the only baseline that also incorporates genre
information during generation. For every model, we produce
ten sets of dance sequences by randomly drawing from the
270 clips in the test set. All sequences have lengthT = 120
frames, which corresponds to4 seconds. We then evaluate their
performance by reporting the mean and standard deviation of
each metric across the ten sets.

The results show that, compared with EDGE, GCDance-
Nash reduces FIDhand by 7:68 and FID body by 28:66.
Similarly, GCDance-Aligned reduces FIDhand by 7:31
and FID body by 29:89. In terms of physical plausibility,
GCDance-Nash and GCDance-Aligned achieve PFC scores
of 0:13 � 0:01 and 0:15 � 0:01, which are close to the
previous best FineNet, and both variants obtain the best PBC
scores among all compared methods. Regarding the BAS
score, our models are slightly lower than that of LODGE
by 0:0111. Nevertheless, our model strikes a better balance
between motion quality and diversity, leading to a more
robust and generalizable performance. Additionally, it is worth
noting that DanceRevolution and MNET achieve signi�cantly
higher FID scores, which we attribute to discontinuities in
their generated motions. Furthermore, DanceRevolution often
produces repeated or frozen frames, resulting in low diversity
scores. In contrast, MNET often generates jittery motions with

TABLE II: Comparision on AIST++ and PopDanceSet.

Method
Motion Quality Motion Diversity

BAS"
FID k# FID m# Div k" Div m"

A
IS

T
+

+

FACT [2] 86.43 43.46 6.85 3.32 0.1607
DanceNet [62] 69.18 25.49 2.86 2.85 0.1430
Bailando [4] 28.16 9.62 7.83 6.34 0.2332
DiffDance [9] 24.09 20.68 6.02 2.89 0.2418
EDGE [8] 42.16 22.12 3.96 4.61 0.2334
LODGE [11] 37.09 18.79 5.58 4.85 0.2423

GCDance (Aligned) 35.91 19.19 5.07 5.70 0.2321
GCDance (Nash) 30.93 18.25 5.22 6.71 0.2354

Method
Motion Quality Motion Diversity

BAS"
PFC# PBC! Div k" Div m"

P
op

D
an

ce
S

et

GroundTruth 1.2302 2.8485 6.4034 7.0289 0.330

FACT [2] 7.5663 8.1007 3.7371 5.7843 0.405
Bailando [4] 6.1762 5.9237 4.2253 5.5396 0.480
EDGE [8] 5.9701 5.8535 3.6065 5.7350 0.475
POPDG [24] 4.3697 5.3863 4.8641 6.0228 0.482

GCDance (Aligned) 2.3845 4.5612 5.2834 6.0839 0.496
GCDance (Nash) 3.3924 4.3734 4.4975 6.7934 0.507

frequent spatial-temporal discontinuities. This instability intro-
duces high-frequency noise that increases Euclidean distances
in feature space, leading to abnormally high DIV values.
We mark these values with an asterisk (� ) to signify that
these in�ated metrics re�ect poor motion quality rather than
meaningful semantic diversity. Bailando demonstrates state-
of-the-art performance on the24-joint AIST++ dataset, as
shown in Table II, but its performance degrades on the higher-
resolution52-joint FineDance dataset. This may be attributed
to the model's design, which directly predicts joint positions
rather than rotations [4], [61], potentially reducing accuracy
when modeling more �ne-grained skeletal structures.

To further validate the robustness of our framework across
datasets, we retrain and evaluate our method on the AIST++
and PopDanceSet benchmarks, with results summarized in
Table II. To ensure a fair and direct comparison with previous
methods, we follow the of�cial evaluation protocol of each
benchmark, which leads to different metric sets across the
datasets. For AIST++, despite the absence of genre annotations
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Fig. 6: Same music, different popular dance.Boxed hand,
leg, and full-body poses highlight the salient stylistic features
that distinguish each genre.

Fig. 7: Same music, different classical dance.Boxed hand,
leg, and full-body poses highlight the salient stylistic features
that distinguish each genre.

and genre-speci�c guidance, our model consistently surpasses
EDGE across multiple metrics, demonstrating its ability to
capture fundamental music–motion mappings. We further ex-
tend our evaluation to PopDanceSet to assess the framework
under a different data distribution. As shown in Table II,
GCDance achieves strong overall performance, improving
physical plausibility and beat alignment while maintaining
competitive motion diversity. Overall, these results across
different benchmarks demonstrate the strong robustness and
generalization of the proposed GCDance method.

D. Qualitative Results

To assess the controllability of our model in generating
genre-speci�c dances, we �x the music content and vary the
genre label only. For instance, using a single modern pop
music segment as input, we generate four dances conditioned
on Popping, Hiphop, Breaking, and Korean, so any stylistic
differences are attributable to the label. The visualizations
are shown in Fig. 6. We then apply the same protocol to
a classical music segment, conditioning on Miao, Dai, and
Classical dance to examine control under a different musical
style. The corresponding results are presented in Fig. 7. In the
�rst set of results, the generated Popping sequence features
sharp hits with smooth transitional waves, Hip-Hop features
abundant arm movements complemented by small rhythmic
hops. Breaking emphasizes dynamic footwork, and Korean
dance reproduces iconic K-pop elements. In the second set,

Fig. 8: A visual comparison with the SOTA methods.

TABLE III: Ablation study of each innovative component,
including the use of Foundation Model (FM) features, Genre
Classi�cation Module (GCM), and different Multi-Task Learn-
ing (MTL) strategies.

System Components Motion Quality Motion Diversity PFC# BAS "
Base FM GCM Optimization FIDh # FIDb # Divh " Divb "

X - - Fixed 23.28 26.16 7.54 6.46 0.17 0.2155
X X - Fixed 18.48 22.61 8.77 6.77 0.17 0.2188
X X X Fixed 16.95 30.31 8.92 6.36 0.15 0.2170

X X X Aligned-MTL 17.69 22.90 9.47 6.39 0.13 0.2238
X X X Nash-MTL 18.06 21.67 9.01 6.84 0.13 0.2205

Miao folk dance displays interlacing arm swings, Dai folk
dance exhibits �uid and seamless movements, and Classical
dance highlights broad arm gestures with graceful turns. These
results demonstrate the controllability of GCDance in produc-
ing diverse stylistic performances from the same musical input.
Additional demonstration videos are available on our project
page.

Fig. 8 presents a qualitative comparison between our method
and four baselines. DanceRevolution and MNET both suffer
from motion stagnation after only a few seconds, re�ecting
poor temporal continuity and limited expressiveness. EDGE
alleviates this freeze but introduces conspicuous artifacts, most
notably unnatural hand trajectories and noticeable foot sliding.
LODGE produces smoother kinematics yet offers reduced
stylistic diversity. By contrast, our approach delivers motions
with higher perceptual �delity, richer stylistic variation, and
coherence throughout the entire sequence.

E. Ablation Study

Table III presents a controlled, step-wise ablation designed
to attribute the contribution of each innovative component of
GCDance. We start from a diffusion baseline conditioned on
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