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Abstract

Dance typically involves professional choreogra-
phy with complex movements that follow a musi-
cal rhythm and can also be influenced by lyrical
content. The integration of lyrics in addition to the
auditory dimension, enriches the foundational tone
and makes motion generation more amenable to its
semantic meanings. However, existing dance syn-
thesis methods tend to model motions only condi-
tioned on audio signals. In this work, we make two
contributions to bridge this gap. First, we propose
LM2D, a novel probabilistic architecture that incor-
porates a multimodal diffusion model with consis-
tency distillation, designed to create dance condi-
tioned on both music and lyrics in one diffusion
generation step. Second, we introduce the first 3D
dance-motion dataset that encompasses both music
and lyrics, obtained with pose estimation technolo-
gies. We evaluate our model against music-only
baseline models with objective metrics and human
evaluations, including dancers and choreographers.
The results demonstrate LM2D is able to produce
realistic and diverse dance matching both lyrics
and music. A video summary can be accessed at:
https://youtu.be/4XCgvYookvA.

1 Introduction
Dance is an engaging form of human expression that inter-
twines body movements with music, playing a crucial role in
various cultures [LaMothe, 2019]. In the modern digital age,
dance content enjoys enormous popularity on platforms like
YouTube and TikTok, and even in video games such as Just
Dance and Dance Central. However, creating dance, whether
through traditional means or digitally, is a complex and chal-
lenging task. Professional dance involves expert choreogra-
phy and extensive practice, often requires advanced motion
capture technology for digitization. Consequently, the devel-
opment of automated human motion generation technologies
presents significant potential and possibilities across various
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Figure 1: LM2D, a multimodal framework generates realistic and
diverse dance movements conditioned on both lyrics and music.

digital platforms and the field of choreography. Such technol-
ogy could pave the way for innovative collaborations between
human creativity and artificial intelligence.

Recent breakthroughs in generative modeling, notably in
the areas of normalizing flows [Papamakarios et al., 2021]
and diffusion models [Ho et al., 2020], have significantly
enhanced the capabilities of automated dance generation.
Such advancements not only enrich the artistic dimension of
choreography but also provide valuable insights for dance re-
search [Valle-Pérez et al., 2021; Alexanderson et al., 2023; Li
et al., 2021; Yin et al., 2023].

Nevertheless, existing technologies in automated dance
generation primarily focus on the interaction between music
and dance movements, often neglecting the significant role of
lyrics in choreography. While music-conditioned models can
already produce realistic rhythmically-aligned dance move-
ments, incorporating lyrics can add depth and enrich seman-
tic meaning, as there is a notable connection between dance
motion and song lyrics in styles like modern dance [Pow-
ell, 2019]. Further exploration is needed to integrate both
lyrics and music in dance synthesis. Additionally, the success
of diffusion models and normalizing flows largely hinges on
their iterative processes, which gradually build a sample from
random noise. However, this step-by-step refinement, in-
volving sequential steps of large neural network evaluations,
results in slower sampling speeds compared to single-step
methods like GANs or VAEs. This inefficiency poses a chal-
lenge for real-time applications, such as real-time dynamic
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choreography generation, emphasizing the need for efficient,
single-step generation methods [Song et al., 2023; Lu et al.,
2022]. Imagine a system capable of refreshing generated im-
ages at 5Hz in response to prompts editing in the context of
image generation [Sauer et al., 2023]. Such a real-time sys-
tem in the context of dance choreography could facilitate in-
stantly generating dance movements in response to changes
in music and lyrics, enabling a highly interactive and respon-
sive creative process.

In response to these challenges, our study presents LM2D,
a novel probabilistic architecture that combines a multimodal
diffusion model with consistency distillation. As illustrated
in Figure 1, this design aims to generate dance that is con-
ditioned on both music and lyrics in a single diffusion step,
addressing the limitations of existing models and advancing
the field of automated dance generation. With consistency
distillation, we could effectively distill a pre-trained diffusion
model into a consistency model, which allows synthesizing
dance with one evaluation step. Another major challenge in
learning-based motion synthesis is the availability of large-
scale datasets for 3D movement. Existing dance datasets fo-
cus primarily on music and body motion, but lack lyric infor-
mation. To bridge this gap, we apply pose estimation tech-
nologies [Dong et al., 2020] on Just Dance videos to collect
a new multimodal dataset that includes synchronized dance
motion, music, and lyrics, providing a more comprehensive
resource for research in this area. We evaluate our frame-
work on the new dataset with the analysis focused on motion
quality. A new metric is proposed to evaluate the match be-
tween motion and lyrics quantitatively. Additionally, we in-
vite a group of human participants with extensive dancing and
choreography experience to provide a subjective evaluation
and insights from an expert perspective. These evaluations
show that movements synthesized by LM2D are realistic and
match both lyrics and music. In summary, in this paper:

• We contribute data-driven methods for lyrics- and
music-driven dance synthesis. Our multimodal diffu-
sion model with consistency distillation is able to create
dance in a single diffusion step.

• We make a new dance dataset available. To the best of
our knowledge, this is the first such dataset to contain
synchronized lyrics, music, and high-quality 3D motion.

• We evaluate our new model both objectively and through
a user study with skilled dancers and choreographers, fo-
cusing on the quality of motion and the alignments with
lyrics and music.

2 Related Work
2.1 Data-Driven Dance Synthesis
Dance synthesis, the problem of automatically creating real-
istic and natural human motions, is complex and challenging.
Early research employed motion retrieval methods, creating
choreography by transitioning between pre-existing motion
clips [Fan et al., 2011; Lee et al., 2013; Fukayama and Goto,
2015]. These methods, which generate motion by selection,
often led to unnatural transitions and had limited variability.
With the advent of deep learning, [Ye et al., 2020; Chen et al.,

2021] have integrated deep learning techniques with motion
graphs to produce higher-quality choreography. Subsequent
research trained on large datasets and explored various mod-
eling approaches, including generative adversarial networks
(GANs), recurrent neural networks (RNNs), transformers,
and normalizing flows [Fan et al., 2022; Li et al., 2022a,
2021; Yin et al., 2023; Siyao et al., 2022; Valle-Pérez et al.,
2021]. Recent breakthroughs with diffusion models [Ho et
al., 2020] have further advanced this field. [Alexanderson et
al., 2023] pioneered the use of diffusion models with Con-
former [Zhang et al., 2022] for generating dance from music.
EDGE [Tseng et al., 2023] and Magic [Li et al., 2022b] uti-
lized Transformer-based diffusion models. However, these
methods primarily focus on music-driven synthesis, largely
neglecting the impact of lyrics, which usually contain rich
semantic information. A recent study by [Deichler et al.,
2023] has ventured into using joint text and audio represen-
tation for human gesture generation. In our research, we
introduce LM2D, a model that generates dance movements
conditioned by both lyrics and music using diffusion models.
Additionally, diffusion models typically exhibit slower sam-
pling speeds compared to single-step methods such as GANs
or VAEs. To overcome this limitation, we incorporate con-
sistency distillation to accelerate the inference process to a
single diffusion step.

2.2 Dance Datasets
3D dance datasets are essential for data-driven dance synthe-
sis, which requires professional experience and usually con-
tains multi-modal information. Motion capture techniques
are widely adopted for collecting 3D motion data. The first
notable 3D dance dataset was released by [Alemi et al., 2017]
with synchronized music. Following this, [Zhuang et al.,
2022] collected Music2Dance, a synchronized music and mo-
tion capture dataset. Recently, [Valle-Pérez et al., 2021] in-
troduced three new datasets, the PMSD, Syrto, and Shader-
Motion VR dance datasets, each focusing on different dance
styles. Among these, the ShaderMotion VR dance dataset in-
corporates VR technology for collection. [Alexanderson et
al., 2023] combined various data sources to create a high-
quality dataset. DanceFormer [Li et al., 2022a] presented
the PhantomDance dataset, a unique collection created by
professional animators, while ChoreoMaster [Chen et al.,
2021] combined motion capture and anime resources in their
dataset. Advancements in 3D reconstruction have enabled the
conversion of 2D videos into 3D dance data, which allows
for the acquisition of 3D skeletal data from a vast amount of
videos, at a lower cost compared to motion capture or ani-
mation techniques. [Li et al., 2021] utilized the AIST dance
dataset [Tsuchida et al., 2019] to obtain 3D dance motion,
employing multi-view 3D pose estimation techniques, and
[Li et al., 2020] extracted 3D pose sequences with synchro-
nized audios using the VideoPose3d [Pavllo et al., 2019]. [Le
et al., 2023] and [Wang et al., 2022] introduce group dance
datasets for more challenging group choreography. However,
to the best of our knowledge, there is no dataset available that
synchronizes music, lyrics, and body motion. Existing hu-
man motion datasets typically include either music with mo-
tion or text with body gestures. To bridge this gap, we have



Figure 2: Overview of the LM2D framework. LM2D learns to de-
noise dance sequences from time t = T to t = 0, condition on
music and lyrics in one step with consistency distillation.

constructed a new dataset using 3D pose estimation, capture-
ing dance sequences synchronized with both music and lyrics
from JustDance video games.

3 Method
Our approach uses a multi-modal neural network to produce a
series of human poses, x, based on a corresponding sequence
of music features m and lyrics features l, as illustrated in Fig-
ure 2. In this section, we delve into the mathematical prop-
erties of diffusion models and the architecture for generating
motion driven by both lyrics and music. Subsequently, we in-
troduce the concept of consistency distillation for the purpose
of facilitating one-step generation.

3.1 Multi-modal Diffusion Framework
To tackle the problem described above, we follow the the-
ory of continuous-time diffusion models [Song et al., 2020].
Diffusion models produce samples by gradually transforming
data into noise through Gaussian disturbances and then gener-
ating samples from noise through a series of denoising steps.
In the continuous-time diffusion model, the diffusion process
{x(t), t ∈ [0, 1]} can be defined as a forward Stochastic Dif-
ferential Equation (SDE) [Song et al., 2020]:

dxt = f(xt, t)dt+ g(t)dwt, (1)

where wt represents the standard Wiener process operates in
reverse-time, f(xt, t) denotes the drift term, and g(t) is the
scalar diffusion coefficient. The reverse-time SDE specifies
the reverse process of the above forward process as follows:

dxt =
[
f(xt, t)− g(t)2∇xt

log pt(xt)
]
dt+g(t) dwt, (2)

where ∇xt
log pt(xt) represents the score function associ-

ated with the data distribution perturbed by noise at time t.
For the reverse-time SDE, there exists a specific ordinary dif-
ferential equation (ODE) known as the Probability Flow ODE
(PF-ODE) [Song and Ermon, 2019; Song et al., 2020]. The
solutions of the PF-ODE sampled at time t are distributed ac-
cording to pt(xt):

dxt

dt
= f(xt, t)−

1

2
g(t)2∇xt

log pt(xt), (3)

Real
Motion

Noisy
Motion   PF-ODE   

Figure 3: Overview of the consistency models. Given a PF-ODE
that smoothly converts real human motion to noisy motion, we learn
to map any points on the trajectory to its origin point.

In the training phase, a score model sθ(xt, t) is employed to
approximate the term −∇xt

log pt(xt) through score match-
ing [Song and Ermon, 2019; Song et al., 2020], which leads
to the following ODE for sampling:

dxt

dt
= f(xt, t) +

g(t)2

2
sθ(xt, t). (4)

We initialize the PF-ODE by sampling zT ∼ N (0, I) and
then solve it in reverse time using a numerical ODE solver.
The obtained x̂0 can be regarded as an estimated sample of
the original data distribution. The solver is typically stopped
at t = ϵ to avoid numerical instability issues, where ϵ is a
predetermined small positive value.

Our diffusion framework is developed based on the EDGE
architecture [Tseng et al., 2023], designed for producing
human motion sequences given conditional signals. This
framework employs a transformer-based network with cross-
attention mechanisms [Li et al., 2021] that accepts music m,
lyrics l features, latents zt that follow a forward noising pro-
cess to estimate x̂θ. Subsequently, it synthesizes motion se-
quences that align with these features, as illustrated in Figure
2. The objective function is simplified as:

Lrec = Ex,t ∥x− x̂θ(zt, t,m, l)∥22 . (5)

In addition to the above reconstruction loss, we also adopt ge-
ometric losses as [Tang et al., 2022; Tevet et al., 2022; Tseng
et al., 2023] to improve physical realism with joint positions
and velocities.

Lpos =
1

N

N∑
i=1

∥FK(xi − FK(x̂i)∥22, (6)

Lvel =
1

N − 1

N−1∑
i=1

∥(xi+1 − xi)− (x̂i+1 − x̂i)∥22, (7)

where FK(·) is the forward kinematic function, N is the
number of frames in the synthesized sequences. The over-
all training loss is a weighted sum of the reconstruction loss
and geometric losses:

L = Lrec + λposLpos + λvelLvel. (8)



3.2 Consistency Distillation
The performance of diffusion models is constrained by their
slow sampling process. As the ODE solvers for sampling ne-
cessitate multiple iterations of the score model sθ, ranging
from dozens to thousands of steps, leading to significant com-
putational demands.

To accelerate the diffusion sampling, the consistency mod-
els [Song et al., 2023] are introduced. The consistency model
is a new family of generative models capable of executing
single-step generation while preserving generation quality.
These models can be trained either by distilling pre-existing
diffusion models or as independent generative models. In
our research, we apply the method of consistency distillation
(CD) to achieve one-step generation. For the sake of brevity,
we have excluded the conditional music and lyrics features in
this section. The key idea of CD focuses on learning the func-
tion that maps every point on a PF-ODE trajectory to its ori-
gin point. More formally, the consistency function is defined
as fθ : (xt, t) → xϵ, and the consistency function should
satisfy the self-consistency property:

fθ(xt, t) = fθ(xt′ , t
′),∀t, t′ ∈ [ϵ, T ], (9)

which can be parameterized using skip connections:

fθ(xt, t) = cskip(t)x+ cout(t)Sθ(x, t), (10)

where cskip(t)and cout(t) are differentiable functions with
cskip(ϵ) = 1 and cout(ϵ) = 0, and Sθ(x, t) is the neural net-
work. The consistency distillation loss is defined as

L(θ, θ−; Φ) = Ex,tn

[
d
(
fθ(xtn+1 , tn+1),fθ−(x̂ϕ

tn , tn)
)]

,

(11)
here the time horizon [ϵ, T ] is discretized into n = N−1 sub-
intervals. d(·, ·) is the ℓ2 metric for measuring the distance
between samples, θ− is the parameters of the target model,
updated with the exponential moving average (EMA) of the
online model θ, i.e., θ− ← µθ− + (1 − µ)θ, µ is the decay
rate. Φ is the ODE solver applied to the PF-ODE, x̂ϕ

t is a
one-step estimation of xt from xt+1 as:

x̂ϕ
tn ← xtn+1

+ (tn − tn+1)Φ(xtn+1
, tn+1;ϕ). (12)

We employ consistent distillation to learn consistency models
from the pre-trained multi-modal diffusion models, achieving
one-step dance generation given music and lyrics features.
The algorithm of consistency distillation for the pre-trained
multi-modal LM2D is depicted in Algorithm 1. For more
details, please refer to [Song et al., 2023].

4 Dataset
4.1 Data Collection
We create a new dance dataset due to the lack of datasets
simultaneously containing dance motion, music, and lyrics.
The proposed 3D motion dataset is derived from existing
Just Dance videos by Ubisoft, a motion-based rhythm danc-
ing game with annual releases, and has been a well-known
classic in video games. Just Dance features a diverse range
of dance styles including pop, hip-hop, Latin, classical, and

Algorithm 1 Consistency Distillation (CD) for LM2D

Input: pre-trained model parameter θ, ODE solver Φ,
learning rate η, and training data pairs of motion x, mu-
sic m, and lyrics l. θ− ← θ
Repeat:
x̂ϕ
tn ← xtn+1

+ (tn − tn+1)Φ(xtn+1
,m, l, tn+1;ϕ)

L(θ, θ−; Φ)←
d(fθ(xtn+1

,m, l, tn+1),fθ−(x̂ϕ
tn ,m, l, tn))

θ ← θ − η∇θL(θ, θ−; Φ)
θ− ← µθ− + (1− µ)θ

Until convergence

electronic dance music. The game involves players replicat-
ing the movements of an on-screen dancer. Utilizing Easy-
Mocap [Dong et al., 2020], we extracted 3D human motion
data in terms of SMPL parameters from these videos. This
method allowed us to achieve high-fidelity body estimations
at 60 fps. Additionally, we compiled a multimodal dataset
by sourcing music and lyrics. The lyrics for each song were
manually gathered and synchronized with the corresponding
musical timeline. In summary, this dataset encompasses 4.6
hours of 3D dance motion in 1867 sequences, accompanied
by music and lyrics. We will publicly release the data.

4.2 Data Preparation
We represent dance as sequences of poses using the 24-joint
SMPL format [Loper et al., 2015], using a 6-DOF rota-
tion representation [Zhou et al., 2019], resulting in a 147-
dimensional feature. We follow the audio representation as
in [Valle-Pérez et al., 2021; Tsuchida et al., 2019] that com-
bines spectrogram features with beat-related features. The
music features are extracted by Librosa [McFee et al., 2015],
yielding a 35-dimensional feature. Specifically, this encom-
passes a combination of 20-dimensional Mel-frequency cep-
stral coefficients (MFCC), 12-dimensional chroma, and 1-
dimensional one-hot peaks and beats. Lyrics were processed
and embedded into a pre-trained BERT embedding [Devlin et
al., 2018], resulting in a 768-dimensional feature.

4.3 Data Validity
The task of synthesizing dance from both music and lyrics
could benefit from several considerations: 1) Semantic Influ-
ence: There is a connection between the semantics of motion
and lyrics. For example, the word No is naturally associated
with gestures like shaking one’s head or hands; 2) Emotional
Influence: Lyrics can enhance the emotion the music con-
veys. For instance, phrases like Break my heart might be
interpreted through quieter and sadder movements; 3) Rhyth-
mic Pattern Influence: The patterns in rhythms and lyrics are
often related. Repetitive lyrical patterns such as Oh oh oh or
Ma-ma-ma might suggest a sequence of recurring dance mo-
tions; 4) Music-lyrics Influence: Different segments of a song
may have identical music but distinct lyrics. Incorporating
lyrics into the choreography can help avoid producing repet-
itive movements in similar musical segments. While these



Method FIDk ↓ FIDg ↓ Divk → Divg → BA↑ SM↑
Ground Truth - - 11.34 7.47 0.24 0.85

EDGE 12.81 9.25 12.33 7.18 0.25 0.81

EDGE(cd) 11.40 8.74 12.43 6.83 0.22 0.80

LM2D 12.35 9.76 12.37 7.53 0.25 0.83
LM2D(cd) 12.1 10.35 12.58 7.37 0.24 0.83

Table 1: Quantitative objective evaluation: FID score and diversity
metrics based on geometric and kinetic features are computed. Be-
sides, beat alignment score (BA) and semantic matching score (SM)
are calculated for evaluating alignments with motions.

considerations might not always apply, they are not uncom-
mon in various choreographies.

5 Experiments
5.1 Experimental Setting
To demonstrate the capabilities of our proposed LM2D, we
compare it to baseline models and ground truth on the intro-
duced new dataset. To evaluate the impact of lyrics in dance
motion synthesis, we compare our model with EDGE, which
is only conditioned on music information. Additionally, we
compare the trained diffusion models with the one-step model
with consistency distillation to explore the performance of
consistency distillation on motion generation. To evaluate
the performance, we quantitatively assessed (1) FID scores
and diversity; (2) beat alignment scores; and (3) our proposed
semantic match metric. The objective evaluation results are
shown in Table 1 and discussed in Section 5.2. Qualitative hu-
man evaluations are also important in the evaluation of gener-
ative models as well. We performed a user study in the form
of an online survey to evaluate human-perceived quality in
terms of (1) motion naturalness; (2) motion-music alignment;
and (3) motion-lyrics matching. The subjective evaluation re-
sults are discussed in Section 5.3.

5.2 Objective Evaluation
FID Scores. In our study, we initially considered the
Fréchet Inception Distance (FID) score on geometric and ki-
netic features. The FID score is a widely recognized objective
metric for evaluating generative models and has been exten-
sively used in previous research [Li et al., 2021, 2020]. This
metric quantifies the divergence between the distributions of
real and synthetic data. However, recent work, [Tseng et
al., 2023] has pointed out that the FID score may not be en-
tirely reliable for tasks involving dance generation. They ob-
served that the FID results can contradict human evaluations,
possibly due to subjective judgments. In our experiments,
as shown in Table 1, the EDGE model showed improved re-
sults after consistency distillation, but this improvement was
not reflected in the human evaluations. Thus, although we
include the results of FID score, the utility of FID for assess-
ment can be questioned.

Diversity Metrics. Diversity metrics in our study were cal-
culated based on the distributional spread of geometric and
kinetic features. In line with the methodologies employed in
prior research [Li et al., 2021; Tseng et al., 2023], our model

Figure 4: LM2D Example: Two dance sequences are generated from
the same music but with different lyrics.

aims to match this metric with those of the ground truth distri-
bution. As indicated in Table 1, the diversity metrics among
the various models are quite similar, suggesting that the distri-
butions generated by each model are closely aligned with the
real distribution. Specifically, the kinetic features of EDGE
are the closest to the ground truth, while the geometric fea-
tures of LM2D most closely match the ground truth. How-
ever, it was observed that after applying consistency distil-
lation to accelerate the model, the diversity gap between the
synthetic and real distributions increased.

Beat Alignment Scores. Our experiments included an eval-
uation of how well our generated dances aligned with the beat
of the music, as in previous work by [Siyao et al., 2022]
and [Tseng et al., 2023]. The findings indicated that both
EDGE and LM2D models achieved comparable levels of per-
formance in terms of beat alignment scores. However, it was
also observed that the application of consistency distillation
led to a decrease in this score.

Semantic Matching Scores Our task extends beyond musi-
cal elements to include lyrical content, necessitating an eval-
uation of both movement-music alignment and movement-
lyric correspondence. To measure the semantic matching
between movements and lyrics, we utilized the pre-trained
BERT model [Devlin et al., 2018] to obtain BERT embed-
dings for the lyrics. For the semantic features of the move-
ments, we followed the implementation of MotionBert [Zhu
et al., 2023], using our multimodal dataset to train a motion
encoder that captures motion embeddings. During the train-
ing process, we kept the parameters of the pre-trained BERT
model fixed and trained the motion encoder to better align the
features of lyrics and movements in our dataset. We evalu-
ated the semantic matching by calculating the cosine similar-
ity between the motion and lyric embeddings. Observing the
experimental results, the LM2D model, which incorporates
lyric information during training, achieved higher Semantic
matching scores compared to the EDGE model, which does
not include lyric information. This demonstrates the effec-
tiveness of incorporating lyrics into the training process for
enhanced semantic matching in dance generation.

Figure 4 and Figure 5 present examples of synthesized mo-
tion clips from LM2D, which demonstrate the combined in-
fluence of lyrics and music on dance motion synthesis. Figure
4 showcases examples where two dance sequences were gen-
erated from the same musical piece, “Think About Things,”
but with differing lyrics. The upper sequence was generated
with the lyrics “I wouldn’t stop movin’ if I could Break it



Figure 5: LM2D Example: Two dance sequences are generated from
the same lyrics but with different music.

down!” while the lower sequence used “Just call me For de-
livery. They know me. I got sushi.” Despite the identical mu-
sical input, the distinct lyrics led to different movement pat-
terns in each sequence. Additionally, the movements are, to
some extent, semantically aligned with the lyrics. In Figure 5,
we present dance sequences generated using the same lyrics
but different music segments. The lyrics used were “Every
time I’m around there’s a hype! Touchdown and the crowd
get’s hyped.” The upper music segment is from “Bad Guy,”
while the lower one is from “Hype.” It’s noticeable that, due
to the consistency of the lyrics, there are similarities in the
movement patterns between the sequences, particularly in the
positions of the limbs and torso. However, the differences in
music necessitate that the movements also align with the mu-
sical beats. This approach allows us to generate more diverse
and meaningful dance movements.

5.3 Human Evaluations.
To gain a deeper understanding of our method, we perform
human evaluations alongside the objective evaluation. In this
study, participants were asked to assess three key aspects:
motion naturalness, motion-music alignment, and motion-
lyrics matching. Our study recruited 30 participants with
dance experience, including training, performing, teaching,
or even choreography. The average dance experience among
these participants was 6.72 years. Notably, 7 of the partic-
ipants (23% of the group) had experience in choreography.
We conducted an online survey to collect feedback from these
participants to evaluate the task of synthesizing dance driven
by lyrics and music. We blended 6-second video clips repre-
senting the ground truth and created motion sequences. Par-
ticipants were shown these dance video clips, followed by a
series of questions. Participants were instructed to rate their
level of agreement with the statements presented in the ques-
tions, using a 1-5 Likert scale, where “1” indicates strong dis-
agreement, and “5” indicates strong agreement. To mitigate
potential order effects, the sequence in which the dance clips
were presented was randomized and balanced across partici-
pants.

In the first part of the survey, we focused on evaluating
two aspects: the naturalness of the motion and the align-
ment between motion and music. The dance clips provided
for evaluation were generated using one of several methods:
LM2D, EDGE, LM2D-cd, EDGE-cd, or they were sourced
from Ground Truth (GT). Participants had the option to view
these clips multiple times, enabling a thorough assessment
before responding to the following two questions:

Figure 6: Subjective evaluation results in motion naturalness and
motion-music alignment.

Figure 7: Subjective evaluation results in motion-lyrics matching.

• Motion Naturalness: To what extent do you agree with
the following statement? — The movements are natural
and of good quality.

• Motion-Music Alignment: To what extent do you agree
with the following statement? — The movements match
well with the beat of the music.

In the second part of the survey, our evaluation centered on
the matching between motion and lyrics. For this part, each
dance clip was either generated using the LM2D method or
taken from Ground Truth. Participants need to respond to the
following question after viewing the clips:

• Motion-Lyrics Matching: To what extent do you agree
with the following statement? — The movements match
well with the lyrics.

We performed a statistical analysis of the subjective re-
sponses from the user study to support our findings and evalu-
ated whether our proposed method could be further enhanced.

Figure 6 illustrates the evaluation of motion naturalness
and motion-music alignment. From the figure, we observe
that participants considered the performance of EDGE and
LM2D to be similar to the Ground Truth (GT). However,
models enhanced with consistency distillation (cd) showed



a slight decline in performance, aligning with objective find-
ings. We employed Analysis of Variance (ANOVA) to test
statistically significant differences among the groups.

For motion naturalness, ANOVA results showed no sig-
nificant difference among GT, EDGE, and LM2D (F =
0.0191, p = 0.981). The same was observed for motion-
music alignment (F = 0.1134, p = 0.8929). These re-
sults demonstrate that our model, even after incorporating
lyric content, maintains the motion naturalness and the align-
ment with the music’s rhythm while incorporating semantic
content with the movements. In contrast, for GT, EDGE-
cd, and LM2D-cd, significant differences were observed for
motion naturalness (F = 5.2529, p = 0.0061) and motion-
music alignment (F = 12.1948, p = 1.0923 × 10−5), as
per ANOVA. This suggests that while consistency distilla-
tion enhances efficiency, it adversely affects performance, a
finding echoed by human evaluations and indicating a need
for further improvement. Figure 7 focuses on comparing
the LM2D model with ground truth regarding motion-lyrics
matching. Dance experts favored the ground truth. We ap-
plied the two one-sided tests to assess if the evaluations of the
two systems are statistically equivalent. The tests for equiv-
alence did not provide sufficient evidence to confirm statisti-
cal equivalence between the LM2D model and ground truth
(p = 0.799, δ = 0.05). This highlights the challenge of
achieving parity with ground truth in terms of motion-lyrics
matching.

This study further integrates open-ended questions to
gather in-depth feedback and identify areas for future en-
hancements. Experts with choreography experience sug-
gested the inclusion of criteria to evaluate choreography more
comprehensively. They noted that while certain movements
are a good match and appear natural, they are relatively sim-
ple. Additionally, the evaluation of subtle, smaller move-
ments presented challenges. For example, movements involv-
ing the neck are relatively subtle, yet they appear somewhat
stiff. This limitation is partly due to the dance dataset be-
ing sourced from Just Dance, a rhythm game developed for
the general public that does not encompass highly complex or
challenging dance sequences. Regarding the matching of mo-
tion to lyrics, a common observation was that some videos did
not align well with the lyrics. This issue is largely attributed
to the data, where the focus of the movements was primar-
ily to follow the musical beats rather than to match the lyrics
precisely. However, it’s important to recognize that dance
is not a literal translation of words like sign language. Ef-
fective choreography should consider the overall harmony of
rhythm and lyrics rather than mechanically translating lyrics
into movements. Additionally, choreography experts have
expressed the need for real-time modification of generated
movements based on lyrics. Our work further investigates
consistency distillation to achieve applicability in this area.
However, upon comparison, the performance of distillation
techniques in dance generation can still be further improved.

6 Ethical and Societal Discussion
This work presents a new dataset and a system for creating
dances, aiming to bring new ideas and improvements to the

field of dance. It facilitates the generation of dance influenced
by lyrics and music, offering valuable tools for artists and re-
searchers. This work could also be advantageous to fields like
video gaming and animation. Nevertheless, the automation of
choreographic processes raises concerns about originality and
creativity that it may blur the lines of ownership in creative
endeavors.

7 Conclusions and Future Work
In this study, we introduce LM2D, a multimodal diffusion-
based model for generating realistic dance sequences condi-
tioned on both lyrics and music. A novel dance dataset fea-
turing a combination of lyrics, music, and 3D motion data
was collected. We enhanced synthesis efficiency by employ-
ing consistency distillation for one-step generation. Our ex-
tensive quantitative and qualitative assessments demonstrate
the effectiveness and superior capabilities of the proposed
method. In summary, this research paves the way for creating
complex choreographies that are synchronized with musical
rhythms and lyric semantics.

Looking ahead, our future endeavors include integrating
Large Language Models (LLMs) to deepen the understanding
of lyrics. LLMs have demonstrated impressive capabilities
in a wide range of NLP tasks, also evidenced by recent ad-
vancements in understanding, planning, and generating mo-
tion with LLMs [Zhang et al., 2023; Zhou et al., 2023]. The
community should leverage these powerful LLMs to push the
boundaries of dance motion synthesis, potentially synthesiz-
ing multiple modalities simultaneously, such as dance motion
and audio that includes sung lyrics. In addition, future work
will focus on achieving accelerated output generation while
maintaining the quality of the results.
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