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Fig. 1: We propose a fully automated Motion Collection Pipeline that extracts
high-fidelity and physically plausible 3D dance motions from in-the-wild videos. Based
on this pipeline, we construct the InfiniteDance Dataset, a large scale music–dance
paired dataset. We further propose ChoreoLLaMA, trained on InfiniteDance, which
generates high-quality 3D dances matching the tempo and style of in-the-wild music.

Abstract. Although existing 3D dance generation methods perform
well in controlled scenarios, they often struggle to generalize in the wild.
When conditioned on unseen music, existing methods often produce un-
structured or physically implausible dance, largely due to limited music-
to-dance data and restricted model capacity. This work aims to push
the frontier of generalizable 3D dance generation by scaling up both
data and model design. 1) On the data side, we develop a fully auto-
mated pipeline that reconstructs high-fidelity 3D dance motions from
monocular videos. To eliminate the physical artifacts prevalent in exist-
ing reconstruction methods, we introduce a Foot Restoration Diffusion
Model (FRDM) guided by foot-contact and geometric constraints that
enforce physical plausibility while preserving kinematic smoothness and
expressiveness, resulting in a diverse, high-quality multimodal 3D dance
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dataset totaling 100.69 hours. 2) On model design, we propose Choreo-
graphic LLaMA (ChoreoLLaMA), a scalable LLaMA-based architecture.
To enhance robustness under unfamiliar music conditions, we integrate
a retrieval-augmented generation (RAG) module that injects reference
dance as a prompt. Additionally, we design a slow/fast-cadence Mixture-
of-Experts (MoE) module that enables ChoreoLLaMA to smoothly adapt
motion rhythms across varying music tempos. Extensive experiments
across diverse dance genres show that our approach surpasses existing
methods in both qualitative and quantitative evaluations, marking a step
toward scalable, real-world 3D dance generation.

1 Introduction

Generating high-quality 3D dance is essential for a wide range of applications,
including 3D animation, filmmaking, digital performance, and interactive enter-
tainment. In recent years, there has been increasing interest in deep learning-
based methods for automatic dance generation, with the goal of developing an AI
choreographer that can significantly reduce the costly and time-consuming man-
ual efforts involved in traditional 3D choreography pipelines, thereby enabling
scalable content creation.

Despite notable progress in recent years, state-of-the-art 3D dance gener-
ation methods are still not ready to be deployed in real-world applications.
This is mainly due to two key limitations: (1) Dance motion quality re-
mains suboptimal. Current methods still often produce basic artifacts such
as foot skating and mesh penetration. (2) Limited generalization across in-
the-wild music conditions. Although many existing approaches can excel in
controlled settings, they often collapse into unstructured motions under diverse
musical conditions. On one hand, this limitation arises from the scarcity and
imbalance of existing music-to-dance datasets, which fail to provide sufficient
scale and diversity for models to learn the broad genres of musical and choreo-
graphic patterns needed for robust generalization. On the other hand, existing
methods often depend on handcrafted and biased music-conditioning designs,
yielding limited adaptability to diverse musical styles and tempos. For exam-
ple, Lodge [19] performs reliably on fast-tempo tracks but struggles with slower
rhythms, as its manually crafted rules are tailored for high-energy dance.

Inspired by recent breakthroughs in large-scale models, particularly in LLMs
and video generation, we explore whether scaling up data and model capacity can
benefit 3D dance generation. In this work, we propose InfiniteDance, a scalable
3D dance generation framework by jointly scaling both data and model capacity,
with the goal of advancing deep learning-based methods toward more practical
and deployable dance synthesis.

First, on the data side, we introduce an automatic pipeline that converts
monocular videos into 3D dance motion and use it to construct a large-scale,
high-quality dataset. Although MoCap-based datasets provide high-fidelity mo-
tion, their scale is limited to only a few hours. In contrast, monocular reconstruc-
tion is more scalable but frequently suffers from artifacts, including penetration,
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jittering, floating, and foot skating. Recent motion imitation methods [25, 46],
built on physical simulators [7,28], improve physical plausibility but often suffer
from foot jittering due to inaccurate estimation of diverse in-the-wild ground
friction. To address these issues, we propose a Foot Restoration Diffusion Model
(FRDM), which repairs foot-related artifacts in a self-supervised manner using
velocity, position, and rotation cues, while preserving fidelity to the original mo-
tion. With geometric guidance during inference, FRDM significantly improves
motion realism and brings reconstruction quality close to professional MoCap.
Based on this pipeline, we build InfiniteDance, a dataset containing 100.69hours
of high-quality 3D dance–music pairs covering 30 dance genres, along with RGB
videos, 2D keypoints, and other annotations.

Second, on the modeling side, we propose ChoreoLLaMA, a scalable archi-
tecture that maps music and motion conditions into learnable tokens instead
of relying on handcrafted priors. We use a pretrained LLaMA [1, 39, 40] back-
bone and feed continuous token embeds extracted by MuQ (for music) and an
RVQ-VAE (for dance). To mitigate performance degradation under unseen musi-
cal conditions, we adopt a cross-modal Retrieval-Augmented Generation (RAG)
strategy that selects reference dance motions paired with the music to guide gen-
eration. Furthermore, we introduce Cadence-MoE, a Mixture of Cadence Experts
designed to learn choreography behaviors across different rhythmic patterns. It
jointly models music, genre, and dance tokens under varying tempos, while an
adaptive gating network dynamically selects expert modules, enhancing style
alignment and improving tempo consistency.

Powered by large-scale training on InfiniteDance, our model produces stable
and expressive dance motions, outperforming existing methods both qualita-
tively and quantitatively and pushing 3D dance generation closer to real-world
applicability. In conclusion, our key contributions are as follows:

1. We propose a novel 3D dance collection pipeline that captures high-quality,
physically plausible, and expressive motion from monocular videos. At its core is
an efficient Foot Restoration Diffusion Model (FRDM) that effectively resolves
foot-ground contact artifacts while preserving the geometric fidelity of the orig-
inal motion.

2. We construct a large-scale, high-quality 3D dance dataset, InfiniteDance,
comprising 100.69 hours of motion across 30 genres, paired with rich annotations
including RGB videos, 2D keypoints, music, and genre labels.

3. We design a scalable LLaMA-based choreography framework that lever-
ages retrieved reference dances to improve generalization to in-the-wild music
and employs a Cadence-MoE to mitigate generation bias caused by dataset im-
balance, thereby enhancing music–dance style consistency.

2 Related Works

2.1 Choreography Dataset

With the rise of data-driven generative models, 3D dance datasets have become
essential for choreography research. Current approaches for collecting dance mo-
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tion data include marker-based or inertial motion capture, multi-view camera
setups, manual keyframing, and monocular video-based pose estimation.

AIST++ [21] marked a milestone by providing 5.2 hours of music-dance
paired data; They leverage multi-view camera systems and SMPLify [23] to re-
construct SMPL-format motion. MotoricaDance [2] employed professional mo-
tion capture equipment, offering 6.2 hours of high-quality data. FineDance [20]
further collected 14.6 hours of dance data by a marker-based MoCap system
and professional dancers with fine-grained hands. Although using MoCap equip-
ment can ensure motion quality, the setup is expensive and restricts the capture
environments.

Danceformer [15] introduced another category of 3D dance datasets created
via manual keyframing by professional animators, and DanceCamera3D [43] fur-
ther collected MMD (MikuMikuDance) motions keyframed by enthusiasts. How-
ever, such motions remain animator-edited and often lack natural dynamics.

Recently, PoPDanceSet [27] used monocular video-based motion capture to
collect in-the-wild dance data, estimating 3D poses from online clips with Hy-
brIK [16, 17] to obtain 3.56 hours of motion. However, monocular estimation
lacks physical modeling and often introduces artifacts such as jitter, mesh pen-
etration, floating, and foot skating.

In summary, existing datasets struggle to achieve both scalability and high
quality, and none of them include facial expressions. Our dataset addresses these
gaps by providing 100.69 hours of high-quality 3D dance motion data across 30
diverse genres, with detailed hand movements and expressive facial annotations.

2.2 Music Driven Dance Generation

Generating music-synchronized dance has been studied extensively. Traditional
motion-graph-based approaches [3–5,29] retrieve candidate dance clips based on
musical features and stitch them together using hand-crafted choreography rules.
However, these methods struggle to generalize across dance genres due to the
complexity and diversity of choreographic patterns.

With the rise of deep learning, some early works [13, 21, 24, 47, 50] treat
music2dance as a seq2seq task and use LSTM or Transformer to generate frame-
by-frame. However, these methods suffer from motion-freezing issues because of
error accumulation. Diffusion-based methods [6, 8, 19, 20, 37, 41, 48] model mo-
tion features in continuous space through iterative denoising. EDGE [41] and
FineDance [20] produce high-quality short clips, and Lodge [19] introduces a
coarse-to-fine framework for long-term choreography, producing impressive re-
sults for fast-paced dances. However, its handcrafted dance primitives and rule-
based choreography augmentation do not generalize well to diverse dance genres.

Token-based autoregressive methods [21, 24, 35] use discrete motion tokens
for compact and high-quality motion representation and then train a sequence
model to learn music-dance dependencies. Based on this, Bailando [35] enhances
rhythmicity via reinforcement learning. However, it only takes low-level music
features as input, making it challenging for the sequence model to model the
high-level musical structure. As a result, the generated dances often lack coherent
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Fig. 2: Overview of our motion collection pipeline. Step 1: We estimate whole-body
motion from monocular videos, which contain noticeable artifacts. Step 2: We refine
these motions via motion imitation in a physics simulator for physical plausibility,
though this often introduces foot jittering. Step 3: We apply our Foot Restoration
Diffusion Model (FRDM) to correct foot motions. The final results show stable root
and foot contacts without jittering or penetration.

choreographic structure and may exhibit repetitive or meaningless motions, such
as random hand waving without semantic intent.

Existing methods are limited to certain dance genres, resulting in poor gener-
alization to diverse genres and unfamiliar music. Our approach supports multiple
genres and improves choreography quality and generalization through a Retrieval
Augmented Generation (RAG) mechanism and Cadence-MoE.

3 InfiniteDance Dataset

In this section, we introduce a scalable automated pipeline for 3D motion acqui-
sition, based on which we build a large-scale 3D dance dataset.

3.1 High-quality 3D Motion Collection Pipeline

We propose a novel pipeline that extracts high-quality, physically plausible 3D
motions from monocular videos. As shown in Fig. 2, our pipeline is as follows:

The first step is to extract high-quality whole-body motions from monocu-
lar videos using video-based motion estimation methods. We first preprocess
the videos by using YOLOv8 [42] to extract single-person video sequences.
Given its strong generalization ability and gravity-aware modeling, we employ
GVHMR [32] to estimate body motion. We use SMPLest-X [44] to obtain SMPL-
X expression and hand parameters, as it captures visible features and estimates
occluded faces and hands accurately.

The motions estimated in the previous step are used as references for motion
imitation [26] within a physical simulation environment, which helps correct non-
physical artifacts by enforcing physical constraints. This step effectively elimi-
nates common artifacts such as body interpenetration, floating, and foot skating.
However, because the physics-based simulation cannot accurately model the di-
verse ground–surface frictions involved in different dance movements, it often
converts foot-skating artifacts into noticeable foot jittering.
Foot Restoration: To further address the foot-jittering issue commonly ob-
served in motion imitation, we introduce a Foot Restoration Diffusion Model
(FRDM), which will be described in detail later.
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3.2 Dataset Statistics

Table 1: Comparisons of 3D Dance Datasets. § denotes whether containing hand
(finger) motion. � represents facial expression. T̄(sec) denotes the average seconds per
sequence. Acquisition methods: MoCap (captured with professional motion capture
equipment), Pseudo (previous video-based motion estimation), Animator (manually
keyframed by animators).

Dataset Acquisition Joints num § � Genres Representation Dancers T(h) T̄(s)

Dance w/. Melody [38] MoCap 21 % % 4 3D joints - 1.6 92.5
Music2Dance [51] MoCap 55 ! % 2 3D joints 2 0.96 -
EA-MUD [36] Pseudo 24 % % 4 3D joints - 0.35 73.8
PhantomDance [15] Animator 24 % % 13 SMPL 100+ 9.6 133.3
AIST++ [21] Pseudo 17/24 % % 10 SMPL 30 5.2 13.3
MMD [4] MoCap 52 ! % 4 FBX - 9.9 -
FineDance [20] MoCap 52 ! % 22 SMPL-X 27 14.6 152.3
POPDG [27] Pseudo 24 % % 19 SMPL - 3.56 -
Motorica [2] MoCap 52 % % 8 BVH - 6.22 -
AIOZ [43] Pseudo 24 % % 7 SMPL 4000+ 16.7 37.5
DCM [14] Animator 24 % % 4 MMD - 3.2 106.67
DD100 [34] MoCap 52 ! % 10 SMPL-X 10 1.92 69.3
InterDance [18] MoCap 52 ! % 15 SMPL-X - 3.93 142.7

InfiniteDance (Ours) Our Pipeline 55 ! ! 30 SMPL-X 1000+ 100.69 30.01

Our 100.69h dataset is curated from platforms like YouTube and TikTok,
prioritizing stable cameras and fully visible dance videos. It spans 6 major gen-
res and 33 fine-grained subcategories (e.g ., Ballet, Jazz, K-pop), with taxonomy
verified by professionals. Unlike existing datasets [20, 21], we preserve detailed
hand and facial movements. Furthermore, the clips (6s to 4 mins) capture not
only common routines but also technically demanding choreography like pirou-
ettes, floorwork, and single-leg spins. Full statistics are in the supplementary
material.

3.3 Foot Restoration Diffusion Model

Given a flawed motion sequence x with foot-ground contact artifacts, our goal
is to produce a corrected motion x̃ that exhibits more stable foot contacts
while preserving the original full-body geometric consistency. Since these ar-
tifacts mainly arise from instability in the root, knees, and feet, we restrict our
correction to these joints and keep the upper body unchanged.

Optimizing for foot-skating artifacts directly is difficult, as SMPL pose pa-
rameters tend to amplify small errors near the root. We therefore operate in
the linear joint position space. We adopt the motion representation similar to
HumanML3D [10]. For a motion sequence x ∈ RL×259, where L is the motion
frame number, each frame x can be represented as:

x = [r, jv, jp, jr] (1)
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Fig. 3: (a) The Foot Restoration Diffusion Model (FRDM) can be trained in a self-
supervised manner. We sample x0 from ground-truth motions and obtain xt by adding
noise. To repair only the artifacts in the root, knees, and feet, we replace these parts
in x0 with the corresponding components from xt to obtain x́t. We then train a foot
denoising network fθ.x̂0 = fθ(x́t, t), jp

0 = Cumsum(jv
0 ), j

p
0 = FK(jr

0). (b) Given the
motion x with foot artifacts, we first sample xT ∼ N (0, I), and get x́t by replacing
the root, knee and foot region of x by those of xt. In the early denoising steps t > tth,
where tth is a threshold, we apply geometric guidance to keep the restored motion
geometrically consistent with the original input. In the last steps t ≤ tth, we use foot-
contact guidance to explicitly improve foot stability.

where r = [ṙa, ṙx, ṙz, ry] is the root data, ṙa is the angular velocity along the
Y-axis (yaw angle), ṙx, ṙz are root linear velocities on the floor, ry is the root
height. jv ∈ RL×3J , jp ∈ RL×3(J−1), jr ∈ RL×6(J−1) correspond to the velocity,
position, and rotation (smpl pose) of local keypoints relative to the root, with
J = 22 denoting the number of joints and J − 1 denoting all non-root joints.
They are different representations of the same motion, Velocity aids foot stability,
while Rotation helps maintain geometric consistency. Based on this, we perform
implicit optimization during training and explicit guidance during inference to
correct foot artifacts while preserving the original motion.

Self-supervised Training. To train the FRDM for dance, we aggregate sev-
eral high-quality dance datasets captured using marker-based MoCap systems,
including MotoricaDance [2], FineDance [20], DD100 [34], and InterDance [18].
All motions are retargeted to a standard SMPL-X body shape.

In classic diffusion, the model predicts the clean motion x0 from xt. As
Fig. 3 (a) shows, the training process differs from standard diffusion pipelines.
However, since we only aim to correct motion artifacts in the root, knee, and
foot, we obtain x́t by replacing the root, knee, and foot features in x̂0 with those
of xt. Then we denoise from x́t. This ensures the upper body remains unchanged
during denoising.
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To ensure that the corrected root, knee, and foot motions remain faithful
to the original sequence, we introduce several MSE-based loss terms, such as
Lrecon(x̂0,x0),Lroot(r̂0, r0). To encourage more stable foot–ground contact, we
introduce a foot loss:

P̂ = Rec(r̂0, ĵ
p
0 ), (2)

LFoot =
∑
k∈F

∥∥∥(P̂ (i+1)
k − P̂

(i)
k ) · b(i)k

∥∥∥2
2
, (3)

where Rec(·) is the recovery function to get global joints position P̂ , k ∈ F

means only select the foot joints, the b
(i)
k indicates the k-th foot joints whether

contact with ground at frame i:

b
(i)
k =

1, if
∥∥∥P (i+1)

k − P
(i)
k

∥∥∥2
2
< vth and h(P

(i)
k ) < Hth;

0, otherwise,
(4)

where vth and hth are velocity and height thresholds, respectively. h(P
(i)
k ) is

to get the height of root form P
(i)
k . To constrain the generated ĵv0 and ĵp0 to

be aligned, we introduce a loss Lvp =
∥∥∥cumsum(ĵv0 )− ĵp0

∥∥∥2
2
, where cumsum()

integrates velocities over time to recover positions. Notably, we expect ĵr0 and ĵp0
to remain approximately aligned, which helps balance their distinct roles during
optimization: ĵr0 aims to preserve geometric consistency between the repaired and
original motions, while ĵp0 emphasizes accurate foot-ground contact for artifact
correction. Therefore, we design an epsilon insensitive loss LϵI−rp:

LϵI−rp =
∑

k∈KF

max

(∥∥∥FK(ĵrk)− ĵpk

∥∥∥2
2
− ϵ, 0

)2

, (5)

where k ∈ KF means only select the knee and foot joints, FK() is the forward
kinematic function that calculates position from rotation, ϵ is a hyperparameter
that defines the allowed error tolerance.

Inference. We argue that solely relying on a foot loss during the training phase
is insufficient to fully resolve foot-ground contact issues. If the weight of foot loss
is too small, it fails to sufficiently suppress foot artifacts; conversely, if set too
large, it over-constrains the motion, leading to less dynamic results, thereby de-
grading motion expressiveness. To address these issues, we propose Foot Contact
Guidance to explicitly improve foot stability and propose Geometric Guidance
to encourage geometric consistency during inference.

As illustrated in Fig. 3 (b), given a full-body motion x exhibiting foot jittering
and skating artifacts, At each denoising step, the Foot Denoise Network predicts
x̂0 = fθ(x́t, t). At the early denoising steps, t > tth , tth is a hyperparameter,



Scalable Dance Generation Towards in-the-wild Generalization 9

Geometric Guidance is then applied to enforce global consistency between the
restored motion and the input, formulated as:

x̂0 = [r̂0, ĵ
v
0 , ĵ

p
0 , ĵ

r
0 ],

j̃r0 = (1− wt) j
r + wt ĵ

r
0 , wt = t/T

j̃p0 = b(1− wt)j
p
0 + bwt ĵ

p
0 , j̃

r
0 = ĵr0 .

(6)

At the final stage of denoising, t < tth, we use Foot Contact Guidance to further
ensure more stable foot-ground contact:

j̃v0 = (1− wt) j
v + wt ĵ

v
0 ,

j̃p0 = cumsum(jv0 ), j̃r0 = ĵr0 ,
(7)

where b is a binary mask given by Equation 4. We then get x̃0 = [r̂0, j̃
v
0 , j̃

p
0 , j̃

r
0 ].

4 Methodology

Our goal is to generate high-quality 3D dance motions that accurately match
the tempo, style, and structural rhythm of in-the-wild music. To achieve this,
we design ChoreoLLaMA, a scalable choreography framework composed of two
key ideas: (1) RAG-based Choreography: Instead of relying solely on music
embeds, we retrieve top-k reference dances that share similar musical attributes,
providing strong choreographic priors for rare or unseen music. (2) Cadence-
MoE: We decompose the reference motions into multiple frequency bands and
process them via specialized Experts. This design mitigates data imbalance,
enables structured motion fusion, and produces expressive, multi-frequency con-
ditioning signals.

4.1 Tokenizer

To enable LLaMA to model the cross-modal correspondence between music and
dance, we first design a task-specific tokenization strategy for both modalities.
Specifically, for music tokenization, we adopt the pretrained MuQ model [49] to
extract music features mf ∈ RN×Cm , which are then projected through a linear
layer into the final music embeddings me ∈ RN×CL . For dance tokenization, as
shown in Fig. 5, we train a dance tokenizer following RVQ-VAE [9] to enhance
motion quality and preserve fine-grained details. In the Dance Projection mod-
ule, we first obtain three-layer discrete tokens xidx and continuous quantized
embeddings xq ∈ RN×Cq . The quantized embeddings are then flattened and
linearly projected to produce the final dance embeddings xe ∈ RN×CL .

Unlike prior approaches [12,22,45], which directly feed discrete token indices
for both music and motion while ignoring their embedding representations, our
design explicitly preserves continuous feature information. We argue that relying
solely on token indices makes it difficult for the model to learn detailed and
temporally aligned dependencies between music and motion.
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Fig. 4: (a) Given a music clip and a target genre, we first use RAG to retrieve the
top-k most relevant reference dances. These retrieved dances, together with the given
music and genre embeds, are then fed into the Cadence-MoE to produce fused embeds.
ChoreoLLaMA then autoregressively predicts dance tokens that are decoded into dance
sequences. (b) Each “Expert” is a neural module composed of linear layers, multi-head
attention, and a Mamba block. The “RFFT” and “IRFFT” refer to the real-valued Fast
Fourier Transform and its inverse, respectively. (c) At the inference phase, ChoreoL-
LaMA predicts dance token indices x̂idx one by one, we then lookup the quantized
embeds x̂q in codebooks and project them into dance embeds x̂e.

Given a music clip m, previous methods first tokenize it into N discrete
units and feed only the token indices midx ∈ RN×1 to LLaMA. LLaMA must
then learn the corresponding embeddings me ∈ RN×CL from scratch, where CL

denotes the embedding dimension. This inevitably discards important musical
cues (especially low-level rhythmic structures), leading to misalignment between
the generated fine-grained motion and the underlying music.

As shown in Fig. 4(c), ChoreoLLaMA instead operates on continuous em-
beddings rather than discrete token indices. This representation is temporally
compact yet rich in expressive detail, allowing ChoreoLLaMA to more effec-
tively model both global structures and local rhythmic dependencies between
music and dance.

4.2 ChoreoLLaMA

To achieve scalable dance generation that is suitable for any given music, we
propose ChoreoLLaMA, as illustrated in Fig. 4.
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Fig. 5: (a) The residual Dance Tokenizer maintains multi-layer codebooks, each con-
sisting of quantized embeds and corresponding token indices. (b) Previous methods
directly feed the token indices into LLaMA, which loses the detailed features. The
“[48(1)]” indicates the token index 48 in the codebook 1. (c) We index the quantized
embeds xq and use a linear layer to project it into xe, then feed it into LLaMA.
Overview of the Dance Tokenizer and our dance token embeds.

RAG-based Choreography. To improve generalization for diverse and even
rare music, we propose a Retrieval Augmented Generation (RAG) based chore-
ography method. We train a Music-Dance Cross-Modal Retrieval Network (MD-
Retrieval), following the CLIP [31] architecture, where the Music Encoder and
Dance Encoder utilize efficient attention [33], and the model is trained using the
InfoNCE [30] loss on the training set of the InfiniteDance dataset.

During the training and inference of ChoreoLLaMA, we retrieve the top-k
most relevant training-set reference dance {xr}kr=1. Each xr is processed through
a linear projection operation to obtain dance embeds xr

e ∈ RN×CL . The final
reference embeds x̄r ∈ RN×CL is the weighted sum of xr.
Cadence MoE. To capture both high-frequency motion dynamics and low-
frequency, graceful movements, and to effectively leverage choreographic priors
from retrieved reference dances, we propose the Cadence-MoE Network. For
genre g, we learn an embedding and repeat it to obtain ge ∈ RN×Cg . As
shown in Fig. 4(b), the reference dances are weighted by [ω1, . . . , ωk], where
ki = i/

∑k
j=1 j, and summed to x̄r. We then apply the Real-valued Fast Fourier

Transform (RFFT) to obtain frequency-domain features x̄f ∈ RNq×Cx , where
Nq = N/2 + 1 corresponds to the Nyquist frequency. A frequency mask divides
the spectrum into b bands, each containing (Nq/b, Cx) valid value and zeros else-
where. Each band is processed by an Expert, and their outputs are combined
using weights [γ1, . . . , γb] predicted by a gating network consisting of a linear
layer followed by a softmax. This design allows each expert to focus on different
frequency characteristics, enabling the model to better adapt to various dance
styles ranging from smooth, slow movements to fast, dynamic ones.
Inference Phase. At inference time, given an arbitrary music input, the genre
can either be specified by the user or automatically selected as the genre of the
retrieved top-k dance.
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Table 2: Comparisons on the InfiniteDance dataset. “Our Wins” is the percent-
age of pairwise comparisons where participants preferred our results over others.

Method Motion Quality Motion Diversity BAS↑ Our Wins↑
FIDk ↓ FIDg ↓ FSR↓ Divk ↑ Divg ↑

Ground Truth 2.55 0.60 5.09% 9.37 7.12 0.2332 34.8± 22.6%

Bailando [35] 117.38 82.37 15.56% 5.46 5.28 0.2137 88.7± 8.9%
EDGE [41] 96.07 63.53 14.15% 4.36 4.97 0.2321 76.4± 7.7%
FineDance [20] 94.39 62.29 13.53% 4.42 4.85 0.2318 74.8± 9.1%
Lodge [19] 89.52 60.38 6.72% 3.93 5.00 0.2329 68.1± 11.5%

ChoreoLLaMA(Ours) 30.54 16.31 5.33% 6.23 5.11 0.2342 -

5 Experiments of ChoreoLLaMA

5.1 Experimental Setup

Datasets. We train ChoreoLLaMA on a dataset collection combining our In-
finiteDance dataset with several public datasets [20, 21]. InfiniteDance is split
into training, validation, and test sets (85%, 5%, and 10%), with genre distribu-
tions kept consistent across splits. Public datasets follow their original splits.
Implementation details. Body motion was tokenized using an RVQ-VAE
with 3 codebooks (512 entries, 1024-dim), trained on one A100 for 24 hours.
For FRDM, we set ϵ=0.1, Vth=0.001, Htoe

th =0.05, Hankle
th =0.08. For generation,

ChoreoLLaMA is initialized from LLaMA3.2-1B and trained with batch size 8
and learning rate 3× 10−4; we retrieve top-10 references for RAG and use 2 fre-
quency bands for Cadence-MoE, with Cm=1024, Cg=256, Cx=259, Cq=1024, CL =
2048. At inference, we use temperature 0.85, top-k sampling (k=30), and top-p
sampling (p=0.8).

5.2 Comparisons on the InfiniteDance dataset

As shown in Table 2, we evaluate our method against leading baselines. For a fair
comparison, we retrained EDGE, LODGE, and Bailando on the InfiniteDance
dataset using their official codes. However, we acknowledge that their default
configurations may be sub-optimal for the unprecedented scale and complexity
of our InfiniteDance dataset.
Motion Quality. To evaluate the generated dance quality, we adopt the FID
metric introduced in [19,35], which compares motion features between generated
and ground-truth sequences using Frechet Inception Distance (FID) [11]. We
further evaluate foot-ground contact quality using the Foot Skating Ratio (FSR)
[19], which measures foot sliding during contact. Table 2 shows that our method
yields significantly lower FID and FSR than prior works.
Motion Diversity. Following [35], we evaluate diversity in feature space, where
Divk and Divg reflect kinematic and geometric variation. As shown in Table 2,
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ChoreoLLaMA achieves the highest Divk, while its Divg is slightly below Bai-
lando’s, likely because our emphasis on plausibility limits spatial variation that
Bailando’s high foot skating instead inflates.
Beat Alignment Score (BAS). We evaluate dance-music alignment using
BAS [21]. Our method achieves the best BAS of 0.2342, exceeding the Ground
Truth slightly. This occurs because in slow-paced dances (e.g., classical), humans
prioritize emotional expression over strict beat matching, resulting in low GT
BAS. Conversely, our model sometimes generates slightly faster, beat-aligned
motions for slow music, which artificially inflates the overall score.
User study. 50 participants viewed 40 random pairs, each pairing our result
with a baseline or ground truth, with win rates reported in Table 2.

5.3 Generalization to In-the-Wild Music

To evaluate in-the-wild generalization, we test models trained on InfiniteDance
under two cross-dataset settings, AIST++ [21] and FineDance [20], and one
OOD setting, an unseen-music set with BPMs outside the training range and
rare instruments/styles (e.g ., theremin, ambient, body percussion). As shown in
Table 3, ChoreoLLaMA consistently outperforms Lodge [19] across all settings.
More visual results for OOD testing are available on our project page.

Table 3: Generalization experiments. Both models are trained on InfiniteDance
and evaluated on cross-dataset and OOD settings.

Method Test Setting FIDk ↓ Divk ↑ BAS ↑
Lodge [19] AIST++ [21] (cross-dataset) 48.73 4.26 0.2364
ChoreoLLaMA (Ours) AIST++ [21] (cross-dataset) 35.45 5.79 0.2378

Lodge [19] FineDance [20] (cross-dataset) 106.85 4.14 0.2317
ChoreoLLaMA (Ours) FineDance [20] (cross-dataset) 59.38 5.81 0.2382

Lodge [19] Unseen Music (OOD) 119.66 5.13 0.2332
ChoreoLLaMA (Ours) Unseen Music (OOD) 56.22 5.52 0.2315

Table 4: Ablation study of different components. We progressively add each
component to ChoreoLLaMA and evaluate on the InfiniteDance test set.

Components Metrics
Token Indices Token Embeds RAG MoE FIDk ↓ Divk ↑ BAS ↑

✓ ✗ ✗ ✗ 79.84 13.09 0.2073
✗ ✓ ✗ ✗ 62.87 5.49 0.2269
✗ ✓ ✓ ✗ 38.74 6.16 0.2325
✗ ✓ ✓ ✓ 30.54 6.23 0.2342
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5.4 Ablation Studies

Token Embeds Inputs. We compare two LLaMA inputs (both without ref-
erence dance or Cadence-MoE): (i) raw token indices fed directly to LLaMA,
and (ii) embeds extracted by MuQ and the Dance Tokenizer via their projection
layers. As shown in Table 4, token indices give higher diversity but significantly
degrade motion quality, especially BAS, as low-level details are lost; the embeds-
based input yields better fidelity and beat alignment.
Cadence-MoE. Adding Cadence-MoE (rows 3–4 of Table 4) further improves
the metrics: by assigning experts to different frequency bands and dance pat-
terns, it alleviates generation bias and strengthens style consistency across mu-
sical tempos, yielding more rhythmically coherent dances.
FRDM Post-processing. Applying FRDM on the full model (last row of Ta-
ble 4) reduces FSR from 8.89% to 5.33% while keeping FID and BAS com-
petitive, removing foot-skating artifacts without harming choreography quality.
RAG based Choreography. As shown in Table 4, incorporating reference
dances sharply improves all metrics, even without Cadence-MoE. This confirms
that reference priors significantly enhance natural, diverse, and rhythmically
aligned generation. Notably, our retrieval set is restricted to the training split.
To rule out data leakage from high-similarity retrieval, we vary the reference
similarity rank from Top-10 to Top-1000 in Table 5. Even the least-similar Top-
1000 references consistently outperform the No-RAG baseline (e.g ., FIDk 58.97
vs. 62.87). This proves our gains stem from generalized stylistic priors rather
than copying ground-truth duplicates.

To verify that the model does not simply copy retrieved references, we evalu-
ate their feature-space distances (Table 6). The results show that generated-to-
retrieved distances (Gen.–Retr.) substantially exceed intra-reference distances
(Retr.–Retr.), confirming that the model leverages choreographic priors without
direct replication.

Table 5: RAG retrieval sensitivity. Even
low-similarity references outperform No-RAG,
indicating no test leakage.

Ref. Dances FIDk ↓ FIDm ↓ Divk ↑ BAS ↑
Top-10 38.74 13.48 6.92 0.2340
Top-100–110 47.16 17.34 6.56 0.2339
Top-500–510 51.76 18.73 6.58 0.2335
Top-1000–1010 58.97 18.92 6.39 0.2327
No RAG 62.87 147.41 4.68 0.2269

Table 6: Copying-behavior anal-
ysis. Generated (Gen.) motions stay
far from retrieved (Retr.) references,
showing influence without copying.
K/G/J: kinematic/geometric/joint.

Distance Type K G J
Retr.–Retr. 11.67 7.97 27.39
Gen.–Retr. 23.52 10.11 43.13
Gen.–GT 297.94 20.87 57.11

5.5 Experiments of Motion Collection Pipeline

To evaluate the effectiveness of our motion collection pipeline, we compare our
generated motions against FineDance [20], a high-quality marker-based MoCap
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dataset. As shown in Table 7, our final pipeline achieves a lower Foot Skat-
ing Ratio (FSR) and Penetration Rate than FineDance, demonstrating highly
competitive physical fidelity. We further ablate each step of our pipeline to val-
idate its necessity. Raw 3D motions estimated by GVHMR exhibit severe foot
skating (FSR 28.63%) and mesh penetration (0.7864%). While applying physics-
based imitation (PHC) sharply reduces penetration, it inadvertently introduces
severe leg jitter, increasing the jitter metric from 31.89 to 78.60. A naive lin-
ear smoothing approach can mitigate this jitter, but it comes at the expense of
increased foot skating (FSR rises to 14.29%). In contrast, our proposed FRDM
effectively overcomes this trade-off. It achieves the lowest FSR (5.09%) and sig-
nificantly suppresses jitter (14.33) while maintaining a minimal penetration rate
(0.0559%), successfully elevating video-sourced motions to a quality comparable
to professional marker-based MoCap.

Table 7: Motion quality of InfiniteDance vs. marker-based MoCap, and
ablation of our collection pipeline.

Method FSR↓ Jitter↓ Penetration↓
FineDance [20] (MoCap) 6.22% 12.69 0.6954%

GVHMR 28.63% 31.89 0.7864%
GVHMR+PHC 8.87% 78.60 0.0536%
GVHMR+PHC+Smooth 14.29% 15.39 0.0561%
GVHMR+PHC+FRDM (Ours) 5.09% 14.33 0.0559%

6 Conclusion and Limitation

We present a scalable framework for 3D dance generation advancing both data
and model design: a pipeline that yields the InfiniteDance dataset, and ChoreoL-
LaMA, which improves quality and generalization through RAG-based Chore-
ography and Cadence-MoE. Limitations remain: The BAS metric is not suitable
for slow-paced dances, and under long silent passages or abrupt genre switches
the dance follows the music less reliably, and long-sequence structure weakens
as retrieval captures mainly intra-clip similarity.
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