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Abstract

Long-sequence music-driven dance generation remains a challenging task, as
existing methods still struggle with unstable global choreography semantics,
insufficient local pose coordination, and difficulty in preserving complex motion
details. Aiming to address these issues, we propose a Semantic Prototype Recon-
struction and Hypergraph-Enhanced Diffusion Framework for Long-Sequence
Music-Driven Dance Generation (SPH-DiffDance), refining motion from global
semantic structure to local pose details. SPH-DiffDance follows a coarse-to fine
diffusion framework, designing a Semantic Prototype Reconstruction (SPR) mod-
ule at the coarse stage to provide semantic guidance for motion generation
through constructing a learnable global dance prototype library. The motion
latent features are queried and reconstructed, transforming continuous motion
representations into prototype representations with semantic constraints. This
process enhances the thematic consistency and long-range choreography stability
of generated dances. Building upon established global semantics, a Hypergraph-
Enhanced Pose Refinement (HEPR) module further improves local motion
quality by modeling high-order motion correlations among the trunk, limbs,
and feet through hyperedges. Compared with conventional skeleton graphs that
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mainly describe pairwise joint connections, the hypergraph structure provides
richer representations of complex human motion relationships and improves pose
coordination and structural rationality. Foot-contact constraints are also incor-
porated to refine local motion details and reduce foot sliding and abnormal poses.
Experiments on the AIST++music-driven dance generation dataset demonstrate
that SPH-DiffDance can generate long-sequence 3D dances with good musical
synchronization, motion continuity, and structural consistency.

Keywords: Music-driven dance generation, Long-sequence motion generation,
Diffusion model, Semantic prototype reconstruction, Hypergraph-enhanced pose
refinement

1 Introduction

Dance is an artistic form that combines music, body movement, and emotional expres-
sion and has long served as an important means of cultural communication. With the
increasing demand for virtual digital humans, game animation, immersive interaction,
and intelligent choreography, the generation of realistic 3D dances from music has
become an active research topic in computer vision, artificial intelligence, and multi-
modal generation [1, 2]. The objective of music-driven dance generation is not only to
produce visually reasonable human motions, but also to maintain consistency between
musical rhythm, energy variation, phrase structure, and movement style. Compared
with general human motion generation, dance generation involves stronger tempo-
ral organization and artistic expression. Therefore, generating long-sequence dances
that are synchronized with music while preserving natural human motion remains a
challenging problem.

Early studies on music-driven dance generation focused mainly on learning the
temporal mapping between music features and motion sequences. DanceRevolution
introduced a curriculum learning strategy to capture long-term music-motion depen-
dencies, which reduced the difficulty of training long dance sequences to some extent
[3]. Later, the AIST++ dataset provided paired data containing various music styles
and 3D human motions, becoming an important benchmark for music-conditioned
dance generation [4]. Based on this dataset, Bailando used a choreography memory
module to learn meaningful motion units and used actor-critic GPT for motion com-
position, improving the continuity and rhythmic alignment of generated dances [5].
These approaches established the foundation for structured dance generation. How-
ever, when generating longer sequences, they still tend to produce repeated motions
and insufficient global choreography coherence due to limited modeling of long-term
dance structures, while rhythm consistency and motion continuity across segments
remain difficult to maintain.

The emergence of diffusion models has provided a new perspective for human
motion and dance generation. Taking advantage of their ability to model complex data
distributions, diffusion-based methods can gradually recover realistic motions from
noisy representations [6]. In music-driven dance generation, EDGE incorporates music
conditions into the diffusion process and enables editable dance synthesis [7]. DiffDance
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further introduces a cascaded diffusion framework, where coarse motion generation and
sequence refinement are combined to improve temporal details in long dances [8]. For
longer choreography generation, LODGE adopts a coarse-to-fine strategy by learning
feature dance primitives at the global level and generating detailed motions locally,
achieving a better balance between overall arrangement and local quality [9]. Lodge++
extends this idea to ultra-long sequences and multi-dance scenarios, improving the
ability to model complex choreography patterns [10]. PAMD further considers motion
credibility and introduces foot-ground contact refinement to alleviate abnormal poses
and foot sliding problems [11]. Despite these improvements, maintaining consistent
global semantics while preserving detailed local structures in long-sequence dance
generation remains unresolved.

Apart from the generation framework, human body representation and spatial
relationship modeling also significantly influence dance quality. Although SMPL-based
representation [12] and advanced pose estimation methods [13] provide effective human
body modeling, they cannot fully capture the complex high-order coordination among
the torso, hips, limbs, and feet during dance movements. Modeling foot-contact states
has been shown to effectively reduce foot skating artifacts [14], while hypergraph neural
networks offer a more flexible means of representing such high-order joint relationships
by connecting multiple nodes simultaneously through hyperedges [15].

Although considerable progress has been achieved, long-sequence music-driven
dance generation still faces several limitations. One major issue is the preservation of
global choreographic semantics. A complete dance sequence is not simply a collection
of independent movements; instead, it is organized by musical structure, movement
themes, style transitions, and temporal coherence. Local music-motion alignment alone
is insufficient to maintain consistency throughout the entire sequence. Another diffi-
culty lies in local motion refinement. Since long dances are usually generated through
multiple stages, discontinuities between segments, unnatural poses, and foot sliding
may still occur. In addition, existing approaches rarely explicitly model high-order
interactions between multiple joints , which limits their ability to generate complex
dance movements with coordinated body structures.

To overcome these limitations, we proposes SPH-DiffDance, a long-sequence
music-driven dance generation framework based on semantic prototype reconstruc-
tion and hypergraph-enhanced diffusion. Instead of directly generating complete
long sequences, the proposed framework follows a coarse-to-fine diffusion strat-
egy, decomposing choreography modeling into a global semantic learning stage and
a local structural refinement stage. In the global stage, the Semantic Prototype
Reconstruction (SPR) module builds a learnable prototype library to provide stable
semantic representations for long-range choreography modeling. In the local stage,
the Hypergraph-Enhanced Pose Refinement (HEPR) module captures high-order joint
coordination through dynamic hypergraphs, with foot-contact constraints to reduce
unnatural poses and foot sliding.

The main contributions of this work are summarized as follows:

1. In this paper, we propose SPH-DiffDance, a two-stage coarse-to-fine diffusion frame-
work for long-sequence music-driven dance generation. The framework decomposes
dance generation into global choreography modeling and local motion refinement
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stages, reducing semantic drift and motion discontinuity during long-sequence
synthesis.

2. The Semantic Prototype Reconstruction (SPR) module is introduced to improve
global choreography representation. By constructing a library of learnable global
dance prototypes , the proposed module performs semantic retrieval and reconstruc-
tion of latent motion features. Furthermore, a primitive feature dance extraction
strategy is developed to convert global motion representations into hard and soft
cues, providing semantic guidance for local diffusion generation.

3. We propose the Hypergraph-Enhanced Pose Refinement (HEPR) module to
improve local motion coordination. By combining dynamic hypergraphs with SMPL
skeleton topology, the module models high-order relationships among multiple body
joints through hyperedges. Together with foot-contact constraints, it reduces foot
sliding and abnormal poses, improving the structural quality of complex dance
movements.

4. Experimental results on the AIST++ dataset demonstrate that SPH-DiffDance can
generate long-sequence 3D dances with better rhythm synchronization, motion con-
tinuity, and structural consistency, showing improvements in both global semantic
coherence and local motion quality.

2 Related Work

2.1 Music-driven dance generation

Music-driven dance generation aims to synthesize human dance sequences that are syn-
chronized with input music while maintaining motion naturalness, style consistency,
and expressive quality. Unlike general human motion generation, this task requires
not only physically plausible body movements but also modeling the complex corre-
spondence between musical rhythm, melody, energy variation, phrase structure, and
dance patterns. Therefore, it involves challenges in temporal modeling, cross-modal
alignment, and understanding of choreography.

Early approaches mainly treated dance generation as a mapping problem from
music features to motion sequences. Li et al. [16] employed Transformer to capture
long-term dependencies between music and motion through cross-modal attention.
DanceNet (Music2Dance) [17] adopted a WaveNet-based temporal generation frame-
work to predict continuous dance motions from music features. DanceRevolution [3]
further introduced curriculum learning to gradually optimize long-sequence dance
generation, reducing training difficulty and improving temporal stability.

However, these methods focused mainly on local temporal correlations and often
suffered from accumulated errors and insufficient long-term consistency when generat-
ing extended dance sequences. To facilitate 3D dance generation, the AIST++ dataset
and the FACT method [4] established a widely used benchmark with paired music
and 3D motion capture data across different dance styles. FACT explored cross-modal
Transformer learning between music and motion, enabling generated movements to
better follow musical rhythms. The availability of AIST++ significantly improved the
evaluation of motion quality, diversity, and beat synchronization.
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As 3D dance generation developed, researchers gradually shifted their attention
from direct music-motion mapping to the organization of choreography structures.
Bailando [5] introduced a choreography memory module to represent continuous dance
sequences using meaningful motion units and combined actor-critic GPT for motion
composition. This work demonstrated that dance generation requires modeling of
motion organization rather than only frame-level prediction. Nevertheless, existing
motion-unit-based approaches mainly provide local generation guidance, while the
global semantic evolution of long dance sequences remains insufficiently explored.

More recent work has explored controllable generation and multimodal conditions
beyond conventional music-only settings. MoMask [18] introduced masked genera-
tive modeling for human motion synthesis and improved motion diversity through
discrete motion representations. Although it mainly targets general motion genera-
tion, it provides a useful paradigm for dance synthesis. GCDance [19] incorporated
dance categories as conditions to improve style control. Based on the OpenDance
dataset, OpenDanceNet [20] explored large-scale multimodal dance generation by
jointly utilizing music, text, keypoints, and character information.

Researchers have also started to consider richer human expressions and interactive
scenarios instead of only single-person movements. SoulDance [21] jointly modeled
body movements, hand gestures, and facial expressions through hierarchical motion
representations. DuetGen [22] extended the task to two-person dance generation by
learning the interaction and synchronization patterns between dancers.

Together, previous studies have substantially advanced dataset construction, cross-
modal learning, and controllable synthesis. However, most approaches still emphasize
local music-motion correspondence or external control signals, while long-term chore-
ography semantics, such as motion theme continuity and phrase-level organization,
remain inadequately modeled. Moreover, complex dance movements require coor-
dinated changes among multiple body parts, which cannot be fully captured by
temporal modeling alone. Addressing these issues requires better modeling of global
choreography semantics, as well as local human body structures.

2.2 Long sequence dance generation based on diffusion models

Diffusion models have recently attracted considerable attention in human motion and
dance generation due to their stable optimization and flexible sampling ability. Unlike
autoregressive methods that generate motions sequentially, diffusion models recover
motion sequences from noise through iterative denoising, providing better diversity
for one-to-many generation problems [6]. Such characteristics are beneficial for music-
driven dance generation, where a single musical sequence may correspond to multiple
plausible choreographic choices.

EDGE [7] introduced diffusion models in music-driven dance generation by incor-
porating music conditions into the denoising process and enabling editable dance
synthesis. DiffDance [8] further proposed a cascaded diffusion framework, where coarse
motion sequences were refined through sequence super-resolution diffusion to improve
temporal details and local motion quality.

However, directly applying diffusion models to long sequences introduces high
computational costs and may weaken long-range structural consistency. LODGE [9]
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addressed this issue through a coarse-to-fine diffusion framework. It first learned
feature dance primitives at the global level and then generated detailed motions
locally under music conditions. Lodge++ [10] further extended this idea to ultra-long
sequences and multi-dance scenarios by enhancing choreography pattern learning and
style constraints. These works suggest that intermediate representations can serve as
a useful connection between global choreography planning and local motion synthesis.

In addition to long-term structure, physical plausibility and controllability have
also attracted increasing attention. PAMD [11] introduced pose constraints and foot-
ground contact refinement to alleviate abnormal poses and foot sliding. DanceLDM
[23] explored latent diffusion for music- and text-conditioned dance generation and
editing. Guo et al. [24] used the U-Net diffusion Transformer for keypoint-controlled
3D dance generation. FlowerDance [25] combined MeanFlow with physical consistency
constraints to improve sampling efficiency while maintaining motion quality.

Despite the improvements brought about by diffusion-based approaches, several
challenges have not been fully resolved. Existing coarse-to-fine frameworks usually
employ dance primitives as guidance signals but lack explicit modeling of the semantic
relationships behind these representations. Meanwhile, physical refinement methods
focus mainly on foot contact and pose constraints, while high-order coordination
among multiple joints is not explored sufficiently. Therefore, integrating semantic rep-
resentation learning with human structure modeling is still necessary for high-quality
long-sequence dance generation.

2.3 Semantic prototype learning and motion epresentation

Maintaining semantic consistency in long-sequence motion generation is challenging
when relying only on continuous motion features. Similar motion patterns may cor-
respond to different meanings depending on musical context, temporal position, and
expressive intention. Therefore, extracting stable high-level semantic representations
from motion sequences has become an important direction.

Prototype representations have also been explored in human motion analysis.
ProtoFormer [29] extracted representative motion patterns through prototype atten-
tion, providing an intermediate representation between local motion features and
high-level semantics. ProtoGCN [30] introduced prototypes in skeleton action recog-
nition by learning core motion patterns and reconstructing action representations.
MotionLCM [31] accelerated controllable motion generation through latent consis-
tency modeling, while SemGeoMo [32] combined semantic and geometric guidance to
improve motion generation.

For music-driven dance generation, intermediate motion representations have
shown potential in improving long-sequence organization. Bailando [5] used chore-
ography memory to learn representative motion units, while LODGE [9] introduced
feature dance primitives as a bridge between global planning and local generation.
Lodge++ [10] further extended this strategy to longer sequences and multiple dance
styles. Despite these advances, existing motion primitives mainly serve as generation
conditions rather than explicit semantic structures. The relationships among differ-
ent motion patterns and their evolution throughout a dance sequence remain largely
unexplored. In long-sequence dance generation, global choreography is dependent not
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only on individual motion fragments but also on musical phrases, rhythm transitions,
and thematic development.

Based on this observation, we develop SPR module to provide a more explicit
semantic representation for long-sequence dance generation. Instead of treating proto-
types as fixed motion fragments, SPR constructs a learnable semantic prototype space
and performs feature querying, matching, and reconstruction in the latent motion
space. These prototypes represent high-level choreography patterns, such as rhythmic
movement tendencies and transitions between motion themes, providing a more stable
global guidance for long-sequence generation.

2.4 Human Body Structural Modeling and Pose Refinement

High-quality human motion generation requires both temporal continuity and struc-
tural consistency with human anatomy. In music-driven dance generation, complex
movements such as rotation, jumping, and weight transfer involve coordinated changes
among the torso, limbs, and feet. Therefore, temporal modeling alone is insufficient to
capture spatial dependencies within human motion.

Parametric human models provide effective structural priors for 3D motion gener-
ation. SMPL [12] represents human pose and shape using low-dimensional parameters
and has been widely applied in reconstruction and motion synthesis. Recent human
pose and mesh recovery approaches further demonstrate the importance of effective
structural modeling for improving human body estimation [33]. SMPL-X [34] extends
this representation by incorporating hand and facial expressions. DPoser-X [35] further
learns human pose priors through diffusion models to improve complex pose model-
ing. However, these models mainly describe body structure and cannot fully capture
dynamic cooperation among multiple body parts.

Foot contact modeling is another important factor affecting motion quality. Dance
movements often contain rapid rotations, jumps, and weight shifts, where inaccurate
contact estimation may cause foot sliding artifacts. Li et al. [13] alleviated this problem
by explicitly modeling ground-contact events and constraining foot velocity during
contact phases. PAMD [11] also demonstrated the importance of contact refinement
for improving motion realism.

Graph neural networks have been widely applied in human pose and skeleton-
based motion modeling by representing joints as nodes and skeletal connections as
edges [36]. However, conventional graphs mainly describe pairwise relationships, while
many human actions are generated through cooperation among multiple joints. Such
high-order interactions cannot be fully represented by ordinary graph structures.
Hypergraph representations offer another perspective by modeling relationships among
multiple joints through hyperedges. HGNN [14] demonstrated the capability of hyper-
graphs in modeling high-order structural relationships. Hyper-GCN [37] captured
multi-joint dependencies through adaptive hypergraph structures. Liu et al. [38] intro-
duced semi-dynamic hypergraph learning for 3D pose estimation. AMHGCN [39] and
H-DHGCN [40] further explored adaptive and directional hypergraph representations.
HyperDiff [41] combined hypergraph structures with diffusion models, demonstrating
their potential in generative human modeling.
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While hypergraph-based methods have shown effectiveness in pose estimation and
motion prediction, their application in music-driven dance generation remains lim-
ited. Existing approaches mainly focus on music conditions, motion primitives, or foot
constraints, while explicit modeling of high-order body coordination is still lacking.
During long-sequence generation, local structural errors may accumulate and result in
unnatural limb relationships and unstable motion details.

Motivated by this limitation, we design HEPR for local motion optimization. By
constructing dynamic hypergraphs, HEPR models high-order coordination among the
torso, limbs, and feet beyond traditional skeleton connections. Combined with foot-
contact constraints, it improves local structural consistency and motion naturalness.
Together with SPR, the proposed framework enhances long-sequence dance generation
from both global semantic organization and local structural refinement perspectives.

3 Methods

3.1 Overview of SPH-DiffDance

In this paper, we propose SPH-DiffDance, a long-sequence dance generation framework
that incorporates semantic prototype reconstruction for global choreography coherence
and hypergraph-enhanced pose refinement for local structural quality. The overall
architecture of our framework is shown in Fig. 1.

Given a music feature sequence with L frames and a dance category label g, we
first divide the complete sequence into k global segments, where each segment con-
tains N frames. In the global generation stage, we employ a conditional diffusion
model to gradually recover coarse-grained dance motions from noisy sequences under
the guidance of music conditions and category labels. To alleviate semantic drift
during long-sequence generation, we introduce a semantic prototype reconstruction
(SPR) module, where we construct a learnable prototype memory bank and adap-
tively retrieve semantic prototypes to enhance the consistency of music rhythm, dance
style, and motion arrangement. After obtaining the global coarse-grained sequence
d ∈ R

L×139, we further perform local refinement. Specifically, we represent each
motion frame using the SMPL human body model and select representative dance
primitives according to motion characteristics, prototype response intensity, and pose
diversity. The selected primitives are further divided into hard cues dh and soft cues
ds. The hard cues preserve structural continuity between local segments, whileas the
soft cues provide semantic guidance for generating fine-grained motions. Based on
these constraints, we generate multiple local dance fragments through the local diffu-
sion process. To improve the spatial coordination and physical rationality of human
motion, we further introduce a hypergraph-enhanced pose refinement (HEPR), which
models high-order dependencies among body joints and incorporates foot-contact con-
straints to refine local poses. Finally, we fuse the generated fragments into a complete
long dance sequence while maintaining music synchronization and motion continuity.
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Fig. 1 Overall architecture of SPH-DiffDance.

3.2 Problem definition and symbolic representation

Given a music sequence with frames L, we first extract the corresponding acoustic
features through Librosa and represent them as a music condition matrix m ∈ R

L×35.
The 35-dimensional feature consists of 1-dimensional energy envelope, 20-dimensional
MFCC, 12-dimensional Chroma, 1-dimensional onset, and 1-dimensional beat. These
features describe local variations, timbre structures, and rhythmic positions in music,
providing multi-level conditions for subsequent dance generation.

The corresponding dance motion sequence is represented using the SMPL human
body model. Each dance pose is represented as a 139-dimensional vector, where the
first 4 dimensions describe foot-contact states, 3 dimensions represent root transla-
tion, and the remaining 132 dimensions represent human joint rotation parameters.
In this work, we use a continuous 6D rotation representation to describe joint poses,
including global root rotation and local rotations of 21 body joints. Meanwhile, the
root translation parameters are retained to preserve spatial continuity and structural
stability. Therefore, the complete dance sequence can be represented as d ∈ R

L×139.
During long-sequence dance generation, directly modeling the complete sequence

may cause semantic drift and local structural instability. Therefore, we divide the
dance sequence into k global segments, where each segment contains N frames and
satisfies L = kN . The i-th music segment and its corresponding motion segment are
denoted as mi and di, respectively. Each motion segment is further divided into local
fragments dij .

During diffusion-based generation, dt represents the noisy dance sequence in dif-
fusion step t. Our objective is to recover dance sequences that satisfy both music
semantics and human motion constraints under a given music condition m, diffusion
step t, and category label g. This formulation provides the basis for subsequent global
semantic prototype diffusion and hypergraph-enhanced pose refinement.

3.3 Global semantic prototype diffusion

To capture the correspondence between long-term music structures and dance move-
ments, we first construct a global semantic prototype diffusion module to generate
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coarse-grained dance sequences. Since long dance sequences usually contain com-
plex temporal dependencies, directly learning the entire motion distribution may lead
to semantic inconsistency and discontinuous choreography. Therefore, we adopt a
conditional diffusion framework to gradually recover dance motions from noisy states.

For a real dance sequence d0, the forward diffusion process gradually adds Gaussian
noise to destroy the original motion distribution. In the diffusion step t, the noisy
sequence dt is obtained as:

q(dt | d0) = N
(

dt;
√
αtd0, (1− αt)I

)

(1)

where αt =
∏t

s=1 αs, αt = 1 − βt, and βt denotes the predefined noise scheduling
coefficient. As t increases, the original motion structure is gradually destroyed, and dt
approaches a standard Gaussian distribution. During the reverse process, we learn a
conditional denoising network to recover clean dance motions from noisy sequences.

Given the noisy dance sequence dt, diffusion timestep t, music condition m, and
category label g, the denoising network predicts the clean motion sequence:

d̂0 = f0(dt, t,m, g) (2)

The basic training objective of the diffusion model is defined as follows:

Lrecon = Ed0,t

[

∥d0 − f0(dt, t,m, g)∥22
]

(3)

To further enhance the controllability of music-driven dance generation, we intro-
duce music features and category information as conditional inputs. The final global
dance sequence is predicted as:

d̂g0 = fG
0 (dgt , t, eg, g) (4)

Where fG
θ represents the global diffusion denoising network and eg represents the

semantic embedding of the category.
However, diffusion models mainly focus on motion distribution recovery and

may ignore high-level semantic patterns shared among different dance categories. To
address this limitation, we propose a SPR module that introduces a learnable pro-
totype memory bank to enhance global motion semantics. As shown in Fig. 2, the
Transformer output feature is represented as F ′ ∈ R

B×N×C , where B, N , and C
denote batch size, sequence length, and feature dimension, respectively. We construct
a prototype memory bank P ∈ R

Kp×C , where each prototype vector represents a
latent dance semantic pattern learned during training.
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Fig. 2 Architecture of the Semantic Prototype Reconstruction Module

To establish the correspondence between motion features and semantic prototypes,
we calculate the matching weights:

R = Softmax(FWT
q ), R ∈ R

B×N×Kp (5)

where Wq is a learnable mapping matrix. The prototype features are then aggregated
according to the matching weights:

Z = RP, Z ∈ R
B×N×C (6)

This process enables the model to retrieve high-level semantic information from the
prototype memory bank. We further fuse the original diffusion features and prototype
features through residual fusion :

F
′

= F + γZ (7)

where γ denotes the learnable fusion coefficient.
To improve semantic consistency among different dance categories, we introduce

category semantic constraints. The enhanced feature is temporally averaged:

F̄ =
1

N

N
∑

i=1

F ′
i (8)

Each category in the training set maintains a semantic center cg ∈ R
C . Then, we

optimize the category prototype alignment loss:

Lproto = − log
exp(sin(F̄ , cg)/τ)

∑G

g′=1 exp(sin(F̄ , cg′)/τ)
(9)

where cg represents the semantic center of category g, sim(·) denotes cosine similarity,
and τ is the temperature coefficient.
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After prototype reconstruction, we further extract representative dance primitives
from the global coarse-grained motion sequence. These primitives serve as intermedi-
ate cues between global choreography planning and local motion generation. We first
convert the generated SMPL parameters into 3D joint positions through forward kine-
matics. Let pi,j denote the position of the j-th joint in frame i. The average joint
velocity of frame i is calculated as:

vi =
1

J

J
∑

j=1

∥pi,j − pi−1,j∥2 (10)

where J denotes the number of human joints. Key poses usually occur near changes in
movement direction, brief pauses, or transitions in motion energy. We therefore smooth
the velocity sequence and detect its local extrema to obtain a candidate key-frame set:

Dcand = {dcandi }Mi=1 (11)

Selecting primitives only according to velocity extrema may retain redundant
poses, especially when adjacent candidates exhibit similar body configurations. We
therefore jointly consider motion saliency, prototype response intensity, and pose
diversity. The final primitive set is selected by:

Dprim = argmax
S⊂Dcand,|S|=K

⎛

⎝

∑

di∈S

E(di) + λp

∑

di∈S

R(di)− λr

∑

di,dj∈S

sin(di, dj)

⎞

⎠ (12)

where K is the number of selected primitives and is set to 8 in our experiments.
E(di) measures the motion saliency of the candidate frame di, while R (di) denotes its
response to the learned semantic prototypes. The last term suppresses highly similar
candidates, preventing the selected primitive set from being dominated by repeated
poses. In this way, the resulting primitives retain salient motion changes while covering
different semantic patterns and pose configurations.

We further divide the selected feature dance primitives into hard cues dh and soft
cues ds. Hard cues are placed near local segment boundaries to preserve structural con-
tinuity during fragment generation. Soft cues are used inside local segments to provide
semantic and stylistic guidance, allowing the local diffusion stage to generate more
expressive motions at rhythmically important positions. This division connects the
global choreography representation learned in this section with the local conditional
generation process introduced in the following section.

The global stage is optimized using the diffusion denoising loss together with the
category semantic prototype constraint:

LG = LG
diff + λprotoLproto (13)

where LG
diff denotes the denoising objective of the global diffusion network, and Lproto

is the category semantic prototype loss defined in Eq.(9).
This objective encourages the model to recover a stable coarse-grained motion

structure while preserving category-related dance semantics. The generated sequence
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and the extracted cues then provide global motion priors for the subsequent local
conditional generation and HEPR module.

3.4 Local conditional generation and pose refinement

The global semantic prototype diffusion stage produces a coarse-grained dance
sequence with relatively stable choreography and category semantics. However, its
long-range modeling objective makes it difficult to preserve all short-term motion
details. Local errors may therefore appear in joint coordination, pose transitions, and
limb continuity, especially during rotations, jumps, or rapid changes in body direc-
tion. Such movements involve coordinated variations among the torso, arms, and lower
limbs, which cannot be fully represented by conventional pairwise skeleton connec-
tions. To refine these details, we introduce a local generation stage that progressively
enhances short-term motion quality through cue-guided conditional diffusion and
hypergraph-based pose refinement.

3.4.1 Soft-Cue Enhancement with Choreographic Priors

The global stage outputs hard cues dh and soft cues ds. Hard cues are mainly placed
near fragment boundaries to maintain structural continuity, while soft cues describe
representative poses inside the fragments. Although the original soft cues retain
the general motion tendency of the global sequence, they do not explicitly account
for left–right symmetry, repeated choreographic patterns, or alignment with salient
musical events. We therefore enhance the soft cues before local diffusion:

d∗s = A(ds,m) (14)

Where A(·) denotes the soft-cue enhancement function and m is the correspond-
ing music condition. The enhancement consists of mirror augmentation and beat
alignment:

d∗s = Abeat (Amir(ds),m) (15)

Where Amir expands the range of choreographic expressions by exploiting the bilateral
symmetry of the human body, while Abeat adjusts the temporal positions of the cues
according to beat and onset information. Let the original soft-cue set be:

ds = {(si, ti)}ri=1, si ∈ R
139 (16)

where si is the i-th soft-cue pose and ti is its temporal position. Based on the SMPL
joint topology, we define a left–right joint permutation function π (·) and a mirror
transformation Rmir. The mirrored pose is written as:

s̃i = Rmin (π(si)) (17)

The original and mirrored cues are then combined into an augmented candidate
set:

dmin
s = ds ∪ {(s̃i, ti)}ri=1 (18)
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This augmentation does not force the model to generate strictly symmetric
motions. Instead, it provides additional choreographic alternatives, making it easier
for the local diffusion model to respond to repeated phrases and direction changes
while reducing unnatural left–right inconsistencies.

3.4.2 Beat-alignment constraint

Mirror augmentation enriches the spatial form of the soft cues, but their temporal posi-
tions may still be inconsistent with the musical rhythm. This mismatch is particularly
noticeable around accents, impacts, and direction changes, where a visually meaningful
pose may appear slightly before or after the corresponding musical event. We therefore
align each soft cue with a nearby beat or onset. Let the beat positions in a local music
segment be B = {b1, b2, ..., bq} and let the onset positions be O = {o1, o2, ..., ou}. The
two sets are merged into the set of musically salient positions :

T = B ∪ O (19)

For the temporal position ti of a soft cue, the nearest salient music position is
determined by:

t∗i = argmin
τ∈T

|ti − τ | (20)

Directly moving every cue to the nearest musical event may alter its original action
context. We therefore limit the temporal displacement using a maximum offset δ:

t∗i = ti + clip(t∗i − ti,−δ, δ) (21)

After alignment, the enhanced soft cue set is expressed as:

d∗s = {(s∗i , t∗i )}r
∗

i=1 (22)

The aligned cues specify not only what type of motion should be emphasized, but
also when it should occur. They therefore provide more explicit temporal guidance for
the subsequent local generation stage without replacing the original motion context.

3.4.3 Local conditional diffusion generation

Given an enhanced soft-cue set, we use a local diffusion model to generate fine-grained
dance fragments. For a global music segment mi

g, it is divided into h local segments

mi
g = {mi,1

g ,mi,2
g , . . . ,mi,h

g },mi,j
g ∈ R

n×35. For the j-th local segment ml
j , the denois-

ing network predicts the clean motion under the conditions of local music, hard cues,
enhanced soft cues, and the category label:

d̂l0,j = fL
θ (d

l
t,j , t,m

l
j , d

j
h, d

j,∗

s , g) (23)

where dlt,j represents the noisy action of the j-th local segment at diffusion step t,

while djh and dj,∗s are the hard and enhanced soft cues assigned to that fragment.

For each fragment, we construct a hard-cue condition matrix Cj
h ∈ R

n×139 and a

binary mask M j
h ∈ R

n×1. Hard cues are mainly placed near the beginning and end of
the fragment:

14



Cj
h[τ ] = hr, M j

h[τ ] = 1 (24)

where hr denotes the hard clue pose mapped to the local time position t. The remaining
positions are not directly constrained, allowing the local diffusion model to generate
transitional motions instead of simply copying the boundary poses. Soft cues are rep-
resented in the same form, using Cj

s and M j
s , but are applied only around selected

key moments.
The local forward diffusion process is defined as :

q(dlt,j | dl0,j) = N
(

dlt,j ;
√
αtd

l
0,j , (1− αt)I

)

(25)

The corresponding reverse process predicts the clean fragment:

d̂l0,j = fL
θ (d

l
t,j , t, Cj) (26)

Before temporal modeling, the noisy motion, music condition, hard cues, and soft
cues are projected into the hidden space:

H0 = ϕd(d
l
t,j), Em = ϕm(ml

j), Eh = ϕh(C
j
h), Es = ϕs(C

j
s) (27)

The local Transformer captures the temporal dependencies within each fragment
and injects the conditioning information through feature fusion:

Hr+1 = Block (Hr, Em, t, g) + ηhM
j
h ⊙ Eh + ηs(t)M

j
s ⊙ Es (28)

where ηh and ηs control the strengths of the hard and soft cues, respectively. The
hard-cue weight remains relatively large to preserve fragment boundaries, whereas the
soft-cue weight varies with the diffusion step. Stronger soft guidance is applied during
the early denoising stage to establish the main action pattern, and the guidance is
gradually weakened as the model begins to recover local details.

After several local Transformer blocks, the initial local pose sequence is obtained
as:

Xpose = WoHR + bo, Xpose ∈ R
B×n×139 (29)

This sequence has already integrated local music and global choreography cues.
Nevertheless, its spatial structure is still learned mainly through implicit feature
interactions. To explicitly capture high-order cooperation among human joints while
retaining the physical connections of the SMPL skeleton, we further process Xpose

using the HEPR module described below.

3.4.4 Hypergraph-enhanced pose refinement

The overall architecture of the HEPR module is illustrated in Fig. 3. Given the initial
local pose sequence Xpose ∈ R

B×n×139, we first project each frame into a joint-level
feature space:

Xjoint = Reshape(XposeWin), Xjoint ∈ R
B×n×J×Cj (30)
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where J represents the number of human joints, Cj represents the hidden feature
dimension of each joint, and Win is the mapping parameter from the pose space to the
joint feature space. This operation converts the original 139-dimensional pose vector
into a joint-level representation, so that the subsequent hypergraph module can model
the spatial collaboration relationship at the human joint level.
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Fig. 3 Architecture of the Hypergraph-Enhanced Pose Refinement Module

In order to construct a hypergraph structure suitable for local dance movements,
we regard each frame of human joint as a hypergraph node, and define the hypergraph
as Gh = (Vh, Eh,Wh), where Vh represents the set of joint vertices, Eh represents the
set of hyperedges, and Wh represents the hyperedge weight matrix. Different from the
fixed human skeleton, the hypergraph structure allows a hyperedge to connect multiple
related joints at the same time, which can describe the high-order synergy in dance
movements. Specifically, for the joint features X = {x1, x2, . . . , xJ}, xi ∈ R

Cj , the
feature distance mi,j = ∥xi − xj∥2 between any two joints is first calculated, where
mi,j represents the feature difference between the i-th joint and the j-th joint. In
order to avoid each hyperedge containing too many irrelevant nodes, we select K joints
that are most relevant to the current node according to the distance relationship to
construct a hyperedge. Denote by seti the nearest neighbor set corresponding to the
i-th joint, then the hypergraph incidence matrix H ∈ R

J×J is defined as:

hi,j =

{

exp(−mi,j)∑
k∈seti

exp(−mi,k)
, j ∈ seti

0, j ̸∈ seti
(31)

where hi,j denotes the degree to which the j-th joint belongs to the hyperedge centered
on the i-th joint.

In this way, the model can dynamically adjust the connection relationship between
joints according to the current action state. For example, the shoulder, torso and lower
limbs may form a stronger association in rotation ; in the arm swing, the relationship
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between the shoulder, elbow and wrist is more prominent. After obtaining the incidence
matrix H, the vertex degree matrix and the hyperedge degree matrix are defined :

Dv(i, i) =
∑

e∈Eh

Wh(e, e)H(i, e) (32)

De(e, e) =
∑

ν∈Vh

H(v, e) (33)

where the vertex degree matrix is used to describe the importance of nodes partici-
pating in the hyperedge connection, and the hyperedge degree matrix represents the
number of nodes contained in the hyperedge.

Then, the hypergraph propagation matrix is normalized by Ĥ =

D
− 1

2

v HWhD
−1
e HTD

− 1

2

v , where Ĥ ∈ R
J×J represents the normalized hypergraph

structure. Through the normalization operation, the information propagation between
different joints and different super edges is more stable. In the process of hypergraph
convolution, the joint features are propagated according to the normalized hypergraph
structure :

X
(l+1)
joint = σ

(

ĤX
(l)
jointW

(l)
g

)

(34)

where W
(l)
g is a learnable parameter and σ(·) is a nonlinear activation function. This

process can aggregate the information of multiple joints in the same hyperedge and
propagate the high-order cooperative relationship to each node.

Considering that human motion itself has a stable physical connection, relying
solely on adaptive hypergraphs may ignore some basic motion constraints. Therefore,
we further introduces the human skeleton prior matrix As to describe the natural
joint connection relationship in the SMPL skeleton. The corresponding normalized

skeleton adjacency matrix is Âs = D
− 1

2

s AsD
− 1

2

s , where Ds is the degree matrix of the
physical skeleton graph. Subsequently, the physical skeleton graph and the adaptive
hypergraph information are fused:

Xenh = σ
(

(Âs + αĤ)XjointWe

)

(35)

where α balances the contributions of the fixed skeleton structure and the learned
hypergraph, and We is a learnable feature transformation. This fusion preserves
anatomical constraints while allowing the joint relationships to vary with the cur-
rent motion. This fusion preserves anatomical constraints while allowing the joint
relationships to vary with the current motion:

∆Xpose = Flatten(Xenh)Wout (36)

where Wout is the mapping parameter from joint space to attitude space. In order to
avoid the hypergraph branch causing too strong disturbance to the diffusion backbone
generation result, we uses the gated residual method to refine the pose:

Xref = Xpose + σ(ρ)∆Xpose (37)
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where ρ is the learnable gating parameter, and σ(ρ) ∈ (0, 1) controls the injection
strength of the hypergraph enhancement result.

Due to the introduction of learnable virtual nodes in the hypergraph enhancement
process, different virtual nodes may learn highly similar motion patterns, thereby
reducing the ability of hypergraphs to express different human collaborative relation-
ships. Therefore, we further introduces the virtual node diversity constraint. Let the
virtual node feature in the l-th layer hypergraph be H l = {hl

i}Vl

i=1. First normalized:

h
l

i =
hl
i

∥ hl
i ∥2

(38)

Then, define the virtual node diversity loss:

Lv =
1

L

L
∑

l=1

1

Vl(Vl − 1)

∑

i ̸=j

1

∥ h
l

i − h
l

j ∥22 +ϵ
(39)

where Vl denotes the number of virtual nodes and L denotes the number of hypergraph
layers. This constraint can promote different virtual nodes to learn the motion patterns
of different regions and improve the expression ability of hypergraph structure.

3.4.5 Foot refinement and local stability constraints

During dance generation, foot-contact consistency is important for maintaining real-
istic human motion. Since the diffusion model mainly focuses on overall motion
generation, local foot sliding may still occur after pose refinement. Therefore, we
introduce a foot-contact constraint after the HEPR module. Given the refined pose
sequence Xref , we obtain the 3D foot positions pfi through SMPL forward kinematics.
The foot velocity is calculated as:

vfi = pfi − pfi−1 (40)

For frames predicted to be in contact with the ground, the foot velocity should
remain close to zero. Therefore, we define the foot-contact loss as:

Lcontact =
1

n− 1

n
∑

i=2

⃦

⃦

⃦b̂i ⊙ vfi,hor

⃦

⃦

⃦

2

2
+ λdown

⃦

⃦

⃦b̂i ⊙min(vfi,ver, 0)
⃦

⃦

⃦

2

2
(41)

where b̂i represents the predicted foot-contact state, νfi,hor and νfi,ver denote the hor-
izontal and vertical foot velocities, respectively. This constraint reduces foot sliding
artifacts while preserving natural non-contact movements.

The overall local optimization objective combines pose reconstruction, joint motion
constraints, foot-contact consistency, and cue-guided generation constraints:

LL = λposeLpose + λjointLjoint + λvelLvel + λaccLacc + λcontactLcontact+

λhardLhard + λsoftLsoft + λdivLdiv

(42)

18



where each term constrains different aspects of local motion quality, including pose
accuracy, temporal smoothness, contact stability, cue consistency, and hypergraph
representation diversity.

3.4.6 Local fragment fusion and long-sequence recovery

After local diffusion and HEPR refinement, we obtain multiple generated motion
fragments {d̂10,l, d̂20,l, ..., d̂h0,l}. Since directly concatenating fragments may introduce
discontinuities at boundaries, we adopt a linear blending strategy in overlapping
regions:

d̂blend[τ ] = w(τ)d̂j0,l[τ ] + (1− w(τ))d̂j+1
0,l [τ ], τ = 1, . . . , ro (43)

where w(τ) is a fusion weight that gradually decreases from 1 to 0. This smooth
transition preserves the continuity between adjacent fragments.

Finally, all local fragments are arranged according to their temporal order to
recover the complete dance sequence:

d̂ = {d̂1, d̂2, ..., d̂L}, d̂ ∈ RL×139 (44)

where d̂ denotes the final generated dance sequence.
In summary, the HEPR module achieves progressive optimization from global

action semantics to local motion details through soft cue enhancement, beat con-
straints, local conditional diffusion, and hypergraph pose refinement. It improves the
plausibility of human body structures and the continuity of dance sequences while
ensuring musical synchronization.

3.5 Training objectives

SPH-DiffDance consists of two sequential stages: global semantic prototype diffusion
and local pose refinement. The global stage focuses on learning the correspon-
dence between music structures and coarse-grained dance patterns, while the local
stage improves short-term motion details through cue guidance and pose constraints.
Because the two stages optimize different objectives, we adopt a sequential training
strategy. The overall training objective is formulated as:

Ltotal = {LG,LL} (45)

where LG represents the optimization objective of the global diffusion stage, and LL

represents the objective of the local refinement stage.
During training, we first optimize the global semantic prototype diffusion module

to obtain stable global motion representations. Then, we fix the global-stage param-
eters and use the generated sequences to extract dance primitives, hard cues dh, and
enhanced soft cues ds. These cues are subsequently used to train the local diffusion
and HEPR modules. This decoupled strategy reduces the interference between global
planning and local refinement objectives.

Through the coarse-to-fine generation strategy, SPH-DiffDance achieves a balance
between long-term choreography consistency, music synchronization, and local motion
realism.
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4 Experiments

4.1 Datasets and evaluation metrics

4.1.1 Datasets

We use the AIST++ dataset [4] as the experimental benchmark for training and
testing. AIST++ is a widely used dataset for music-driven 3D dance generation, con-
structed from the AIST Dance video database and contains 1,408 paired music-dance
3D motion sequences covering 10 different dance styles. It provides a unified benchmark
for studying the cross-modal relationship between music features and human move-
ments.Following previous work, the original 60 FPS motion sequences are uniformly
downsampled to 30 FPS during training to reduce the computational cost of the long-
sequence diffusion model while preserving the temporal correspondence between music
and motion. During testing, the generated 30 FPS dance sequences are interpolated
back to 60 FPS and evaluated following the requirements of existing methods.

4.1.2 Evaluation metrics

To evaluate the generated dances from different perspectives, we consider three impor-
tant aspects of the generation process: motion quality, diversity, and music-motion
synchronization. Accordingly, FID, DIV, and BAS are adopted as the evaluation
metrics in our experiments.

Fréchet Inception Distance (FID) measures the difference between the distribution
of generated motions and that of ground truth. Since the quality of a generated dance
sequence is not only determined by its overall appearance but also closely related to
its dynamic variations and spatial structures, we calculate FID in two feature spaces,
including the motion dynamics feature space and the geometric feature space, which
are denoted as FIDk and FIDg,respectively. The metric mainly reflects dynamic
characteristics such as motion velocity and acceleration, while focuses on the rational-
ity of human poses and spatial configurations. A lower FID value indicates that the
generated motions have a distribution closer to ground truth.

Beyond motion quality, diversity is also an essential factor in evaluating dance
generation models, since a model that produces only similar motion patterns may
achieve reasonable quality scores but still fail to capture the richness of human dance.
Therefore, Diversity (DIV) is employed to measure the variation among generated
motions. In our experiments, the average Euclidean distance is calculated in both
dynamic and geometric feature spaces, represented as DIVk and DIVg. A higher DIV
value suggests that the model is capable of generating more diverse motion patterns
while reducing the tendency toward repetitive output.

The relationship between music and motion is another key aspect of music-driven
dance generation. To evaluate whether the generated movements can follow the rhyth-
mic characteristics of the input music, the Beat Alignment Score (BAS) is introduced
to measure the temporal consistency between motion beats and music beats. The music
beats are extracted using Librosa, while motion beats are determined according to the
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local minima of motion speed variations. A higher BAS value indicates stronger syn-
chronization between the generated dance movements and the corresponding musical
rhythm.

4.2 Implementation Details

The model in this paper is implemented based on the PyTorch framework, and training
and testing are conducted in the NVIDIA GPU environment. In the experiments, the
length of each AIST++ sequence is set to 180 frames, with 139-dimentional motion
features, 24 human joints, 35-music features, and 10 categories of dance. The global
diffusion is trained for 4000 epochs with a batch size of 128. The Adan optimizer
is adopted with an initial learning rate of 4 × 10−4. The hidden dimension of the
Transformer encoder is set to 512, including an 8-layer network structure, 8 attention
heads, and a dropout rate of 0.1. For the local diffusion stage, the model is trained for
800 epochs with a batch size of 64 and a learning rate of 3×10−4. The HEPR module
contains 4 virtual joint points, 8 hypergraph subsets, a joint feature dimension of 16,
and a hypergraph loss weight of 0.01. During the local fine-tuning, pretrained diffusion
model parameters are loaded for further optimization. The batch size is set to 32,
and the learning rate is reduced to 3× 10−5 to reduce structural deviation during the
fine-tuning.

4.3 Comparison to existing methods

Under the same data split and evaluation protocol, we compare the proposed
method with several mainstream music-driven dance generation methods. The com-
parison results are shown in Table 1. Overall, our method achieves a relatively
balanced performance in terms of motion quality, action diversity and music-motion
synchronization.

From the perspective of action quality, the proposed method achieves favorable
FID scores. Specifically, the FIDg value of our method is 10.60, which is only slightly
higher than that of ground truth (9.50) and significantly lower than FACT (22.11),
EDGE (22.12), DiffDance (20.68), LODGE (18.79), and PAMD (17.46). This indicates
that the generated motions have a spatial structure distribution closer to real dance
sequences and can maintain more reasonable human poses. Meanwhile, the proposed
method obtains an FIDk value of 35.82. Although this does not achieve the best
result among all compared methods, it still outperforms several existing approaches,
including FACT, DanceNet, and LODGE. This suggests that the model preserves the
ability to generate dynamic motion variations.

It is worth noting that motion quality is influenced by multiple factors, including
both motion realism and generation diversity. Therefore, a single metric cannot fully
describe the overall performance of a generation model. By jointly optimizing semantic
prototype reconstruction and hypergraph-based pose refinement, our method achieves
a better balance between structural rationality, motion variation, and responsiveness
to musical changes.
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Table 1 Performance comparison of different methods on the AIST++
dataset

Method
Motion Quality Motion Diversity

BAS↑
FIDk↓ FIDg↓ DIVk→ DIVg→

Ground Truth 31.70 9.50 8.98 7.42 0.2649

Li et al. [16] 86.43 43.46 6.85 3.32 0.1607
DanceNet [17] 69.18 25.49 2.86 2.85 0.1430
DanceRevolution [3] 73.42 25.92 3.52 4.87 0.1950
FACT [4] 35.35 22.11 5.94 6.18 0.2209
Bailando [5] 28.16 9.62 7.83 6.34 0.2332
EDGE [7] 42.16 22.12 3.96 4.61 0.2334
DiffDance [8] 24.09 20.68 6.02 2.89 0.2418
MoMask [18] 44.92 26.20 4.67 1.06 0.2312
LODGE [9] 37.09 18.79 5.58 4.85 0.2423
GCDance [19] 30.93 18.25 5.22 6.71 0.2354
PAMD [11] 42.67 17.46 4.99 5.00 0.2700
OpenDanceNet [20] 24.82 12.54 5.24 5.29 0.2513
SPH-DiffDance (ours) 35.82 10.60 9.36 6.90 0.2705

Bold and underline indicate the best and second best results
↓: lower is better, →: closer to Ground Truth is better, ↑: higher is better

For motion diversity, the proposed method obtains better performance compared
with most existing approaches. The DIVk and DIVg values reach 9.36 and 6.90,
respectively, which are close to those of ground truth (8.98 and 7.42). Compared with
Bailando, DiffDance, LODGE, and PAMD, our method shows clear advantages in
diversity evaluation. This improvement can be attributed to the SPR module, which
prevents the model from relying excessively on a limited number of motion patterns.
As a result, the model can generate richer dance variations according to different
music inputs. Meanwhile, the HEPR module further improves the coordination among
local joints, allowing the generated motions to maintain structural consistency while
providing more variation.

Regarding music-motion synchronization, our method achieves a BAS score of
0.2705, which is higher than all comparison methods and slightly exceeds PAMD
(0.2700) and ground truth (0.2649). This result demonstrates that the generated
motions can effectively respond to changes in musical rhythm. The improvement
mainly comes from the combination of music-conditioned generation and semantic cor-
respondence learning between music segments and motion patterns through prototype
reconstruction. In addition, local pose refinement further strengthens the consistency
between motion transitions and musical beats.

Overall, although the proposed method does not achieve the optimal result on
every individual metric, it demonstrates strong competitiveness across several impor-
tant indicators, including FIDg, DIVk, DIVg and BAS. These results verify that
SPH-DiffDance can improve motion quality while maintaining diversity and music
synchronization, making it suitable for long-sequence music-driven dance generation.
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In addition to generation performance, we further evaluate the inference efficiency
of SPH-DiffDance compared with LODGE under different sequence lengths. As shown
in Table 2, our method contains 105.5M parameters, which is lower than LODGE
(110.3M), indicating that the proposed SPR and HEPR modules achieve a lightweight
model structure with limited parameter overhead. Since the model architecture and
learnable parameters are independent of the generated sequence length, the number
of parameters remains unchanged under different duration settings.

Table 2 Inference efficiency comparison between LODGE and SPH-DiffDance

Duration(s)
LODGE SPH-DiffDance

Latency(ms) Params(M) FPS Latency(ms) Params(M) FPS

5 1039.7 110.3 144.3 1139.3 105.5 131.7
10 1094.0 110.3 274.2 1095.0 105.5 274.0
15 1057.2 110.3 425.6 1120.2 105.5 401.7
20 1051.8 110.3 570.5 1139.4 105.5 526.6

Latency denotes the average inference time over 20 runs. Params represents the num-
ber of trainable parameters in millions (M). FPS denotes the generated motion frames
per second

Both SPH-DiffDance and LODGE adopt parallel diffusion-based generation, where
the whole motion sequence is processed simultaneously during each denoising step.
Therefore, the inference latency remains relatively stable when increasing the sequence
length. Although the number of generated frames increases with sequence duration,
the parallel denoising mechanism and GPU acceleration reduce the impact on inference
latency within the evaluated range. Meanwhile, the dynamic hypergraph construc-
tion in HEPR introduces additional computational overhead, resulting in a slightly
higher latency than LODGE, but the overall cost remains acceptable (approximately
1.1s). Since longer sequences contain more generated frames under nearly unchanged
inference time, the FPS of SPH-DiffDance increases from 131.7 to 526.6 when the
sequence length increases from 5s to 20s, remaining comparable to LODGE (144.3
to 570.5) given the additional structural computation introduced by HEPR. These
results demonstrate that SPH-DiffDance achieves a 4.3% reduction in model parame-
ters over LODGE, with the marginal latency overhead attributable to dynamic graph
construction in HEPR, confirming that the proposed structural modules maintain a
lightweight and practical design for long-sequence dance generation.

4.4 Ablation studies

To further analyze the influence of the proposed modules on the music-driven dance
generation task, ablation experiments were carried out on the AIST++ dataset. All
experiments follow the same data division, training strategy, and evaluation protocol,
with only the corresponding modules being modified.

The effectiveness of the SPR module and the HEPR module is evaluated by com-
paring different module combinations, with the results shown in Table 3. The baseline
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model (vanilla diffusion without SPR and HEPR) achieves FIDk and FIDg values of
46.99 and 15.22, respectively. Meanwhile, its DIVk, DIVg and BAS values are 6.52,
5.69 and 0.2423. These results indicate that the basic diffusion framework can generate
dance motions but still has limitations in motion quality, structural rationality, and
music responsiveness. After introducing the SPR module, the model achieves signifi-
cant improvements, where FIDk decreases from 46.99 to 36.06 and FIDg decreases
from 15.22 to 10.75. Meanwhile, DIVk, DIVg and BAS increase to 8.67, 6.63 and
0.2585, respectively. This improvement demonstrates that by capturing global motion
semantics through prototype-based retrieval and reconstruction, SPR provides more
stable semantic guidance and thereby enhances the consistency of long-sequence dance
generation. After adding HEPR, DIVk increases to 9.05 and BAS improves to 0.2596.
This improvement mainly benefits from the ability of hypergraph modeling to capture
complex coordination relationships among multiple joints, indicating that hypergraph-
based pose refinement enhances motion diversity and music responsiveness. When SPR
and HEPR are integrated together, the model achieves the best performance. These
results confirm the complementary roles of SPR and HEPR in improving both global
choreographic coherence and local motion quality.

Table 3 Effect of different module combinations on dance generation per-
formance

Ablation Metrics

Baseline SPR HEPR FIDk↓ FIDg↓ DIVk→ DIVg→ BAS↑
√

46.99 15.22 6.52 5.69 0.2423√ √
36.06 10.75 8.67 6.63 0.2585√ √
37.85 11.77 9.05 6.52 0.2596√ √ √
35.82 10.60 9.36 6.90 0.2705

Bold indicates the best results

To analyze the influence of prototype loss weight λproto on generation performance,
sensitivity experiments are conducted, and the results are shown in Table 4. For clarity,
we report the three most representative metrics (FIDg, DIVk, and BAS) in the sensi-
tivity analysis. When λproto = 0.05, the model obtains FIDg, DIVk and BAS values
of 10.70, 8.83, and 0.2560, respectively. At this stage, the prototype constraint is rela-
tively weak. Although the motion prototype information can provide certain semantic
guidance, its ability to constrain the generation process is still insufficient, result-
ing in limited diversity and music-motion consistency. When λproto increases to 0.10,
FIDg decreases to 10.60, indicating that stronger prototype constraints can improve
motion quality. With λproto = 0.2, the model achieves the best overall performance.
This indicates that an appropriate prototype constraint can achieve a better balance
between motion stability and generation flexibility. When λproto is further increased
to 0.30, the performance decreases slightly, possibly because overly strong semantic
constraints limit the generation space of the diffusion model. Therefore, λproto = 0.2
is adopted as the prototype loss weight in the final model.
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Table 4 Effect of semantic prototype
reconstruction weight λproto on model
performance

λproto FIDg↓ DIVk→ BAS↑

0.05 10.70 8.83 0.2560
0.10 10.60 8.77 0.2543
0.20 10.60 9.36 0.2705

0.30 10.62 8.84 0.2569

Bold indicates the best results

The influence of the number of prototypes n is further analyzed, with the results
presented in Table 5. When n = 16, the model obtains FIDg, DIVk and BAS values
of 10.61, 8.78, and 0.2543, respectively. This indicates that a small number of proto-
types can provide basic semantic guidance but cannot fully represent the diverse dance
styles in the AIST++ dataset. When n increases to 32, the performance remains com-
parable to n = 16 with only marginal variation. When n = 64, the model achieves the
best overall performance across all metrics. These results suggest that 64 prototypes
can better cover different dance categories and motion patterns, providing effective
guidance for global generation. However, when n increases to 128, the performance
decreases slightly. A possible explanation is that excessive prototypes lead to overly
fine-grained semantic division, making some prototypes difficult to learn effectively.
Therefore, 64 semantic prototypes are selected for the final model.

Table 5 Effect of different numbers
of semantic prototypes on genera-
tion performance

n FIDg↓ DIVk→ BAS↑

16 10.61 8.78 0.2543
32 10.64 8.68 0.2542
64 10.60 9.36 0.2705

128 10.66 8.70 0.2539

Bold indicates the best results

To further verify the effectiveness of hypergraph modeling and the diversity con-
strain in the HEPR module, different hypergraph configurations are compared, and
the results are shown in Table 6. Compared with the baseline model that only uses
the basic graph structure, introducing HyperGCN reduces FIDg from 10.75 to 10.67
and increases BAS from 0.2585 to 0.2703. This indicates that the hypergraph struc-
ture can improve human pose representation by modeling high-order relationships
among multiple joints. After adding the diversity constraint, the complete model fur-
ther improves across all metrics. These results suggest that the diversity constraint
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helps prevent the model from relying excessively on similar local motions, enabling
richer motion variations while maintaining structural rationality.

Table 6 Ablation study of the hypergraph-enhanced pose
refinement module

Configuration FIDg↓ DIVk→ BAS↑

Baseline (ProtoGCN only) 10.75 8.67 0.2585
+HyperGCN (w/o DivLoss) 10.67 8.68 0.2703
+HyperGCN + DivLoss (Ours) 10.60 9.36 0.2705

Bold indicates the best results

The influence of hypergraph structure parameters on generation performance is
further investigated, with the results shown in Table 7. When the number of virtual key
nodes is set to 4 and the neighbor connection number K is set to 9, the model achieves
the best overall performance. When the number of virtual key nodes deviates from
4, performance degrades in both directions. A smaller number of virtual nodes limits
the model’s ability to represent high-order relationships among joints, while exces-
sive nodes may introduce redundant relationships and increase optimization difficulty.
Meanwhile, K determines the range of information propagation in the hypergraph. A
smaller K makes it difficult to capture complete joint dependencies, whereas a larger
K may introduce irrelevant connections. Therefore, appropriate hypergraph structure
parameters can achieve a better balance between structural constraints and motion
diversity.

Table 7 Performance comparison under different
hypergraph structure configurations

V IRTUAL NUM K FIDg↓ DIVk→ BAS↑

2 9 10.70 9.13 0.2700
4 9 10.60 9.36 0.2705

8 9 10.93 8.92 0.2565
4 7 10.69 8.64 0.2560
4 11 11.28 8.69 0.2574

Bold indicates the best results

4.5 Visualization analysis

To visually demonstrate the generation quality, Fig. 4 presents a qualitative compar-
ison among SPH-DiffDance, LODGE, and ground truth across three representative
dance styles: Break, Hip-hop, and Waack. It can be observed that LODGE is able
to generate generally continuous dance motions, but the movement range of some
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sequences is limited and the posture variations are relatively simple, making it diffi-
cult to fully capture the characteristics of different dance styles. In contrast, the dance
sequences generated by SPH-DiffDance are closer to ground truth in terms of over-
all motion trends, local pose variations and style characteristics. For the Break style,
our method generates more obvious body weight shifts and lower-limb movements.
In the Hip-hop style, the generated motions show more natural body swing and arm
coordination. For the Waack style, the model maintains better rhythm variations and
pose continuity. These qualitative results are consistent with the quantitative findings,
further confirming that SPH-DiffDance generates more realistic and style-consistent
dance sequences than LODGE.

(a) Break

(b) Hip-hop
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(c) Waack

Fig. 4 Qualitative comparison of generated dance sequences across different dance
styles. In each subfigure, the three rows correspond to LODGE (blue), SPH-DiffDance
(green), and ground truth (pink), respectively.

5 Conclusion

In this paper, we present SPH-DiffDance, a coarse-to-fine diffusion framework for
long-sequence music-driven 3D dance generation, incorporating the SPR and HEPR
modules to address global semantic coherence and local structural refinement respec-
tively. The SPR module learns representative dance patterns from motion latent
representations and provides global semantic guidance for the generation process,
which helps reduce semantic drift and preserve the continuity of dance themes in long
sequences. Meanwhile, the HEPR module captures high-order relationships among
human joints beyond conventional skeleton connections, enabling better coordina-
tion of local body structures and improving the spatial rationality of generated
poses. By incorporating motion priors into the diffusion process, SPH-DiffDance fur-
ther enhances the physical plausibility of generated movements. Experiments on the
AIST++ dataset demonstrate that SPH-DiffDance can generate more natural and
coherent dance sequences with improved motion quality, diversity, and music-motion
synchronization compared with existing methods. Ablation studies further confirm the
complementary contributions of SPR and HEPR across motion quality, diversity, and
music synchronization metrics.

Although SPH-DiffDance improves the semantic consistency and structural quality
of long-sequence dance generation, some limitations remain. The current framework
mainly focuses on single-person dance generation, and the learned prototype library
may not fully cover highly diverse dance styles. In future work, we will investigate
more flexible semantic modeling strategies and extend the framework to multi-person
dance generation and more diverse motion scenarios.
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