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Abstract

Realistic choreography demands simultaneous attention to
rhythm and motivation. Prevailing automated dance gener-
ation methods mainly depend on musical input, overlook-
ing the motivations that drive meaningful dance creation.
Inspired by the motivation choreography, we aim to articu-
late dance motivations through textual guidance. However,
the absence of high-quality datasets concurrently contain-
ing music, textual descriptions, and motion data presents a
challenge in achieving accurate fine-grained textual control.
To address this limitation, we present MotivDance, a novel
framework integrating fine-grained textual guidance with mu-
sic to synthesize semantically coherent dance sequences. Our
approach first synthesizes text-guided key poses as motiva-
tions. We then introduce an Adaptive Keyframe Locator that
dynamically positions these motivations within the musical
context through beat-aware synchronization and cross-modal
latent space alignment. Finally, a Transformer-based U-Net
diffusion model performs the motion in-betweening while
preserving motivational integrity. Extensive qualitative and
quantitative experiments demonstrate that MotivDance effec-
tively integrates music with fine-grained text control to gen-
erate high-fidelity dance motions.

1 Introduction

Dance, as a universal form of non-verbal expression, occu-
pies a pivotal position in human culture and social interac-
tion (LaMothe 2019). However, dance choreography is in-
herently complex and challenging. In traditional film and
animation production, these tasks are commonly performed
using labor-intensive and costly methods, such as dance no-
tation systems (Davies 2007) or motion capture technolo-
gies (Martinez et al. 2017; Mehta et al. 2017; Pavllo et al.
2019). With the advancement of artificial intelligence (Al),
the automated dance generation (Li et al. 2023a,b, 2024b)
holds significant potential to alleviate the labor-intensive na-
ture of manual choreography, thereby emerging as a crucial
and challenging research direction in computer vision and
graphics.

Authentic choreography requires a delicate balance be-
tween rhythm and motivation; neglecting either can dimin-
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Figure 1: Given the music input and fine-grained textual de-
scriptions, the proposed MotivDance is capable of generat-
ing high-quality dance motions in response to both the tex-
tual content and music. We present an example to show the
generated results.

ish the piece (Humphrey 1959). However, some dance gen-
eration models (Li et al. 2021b, 2022; Tseng, Castellon,
and Liu 2023) rely mainly on music information, neglecting
the underlying motivation that drives the core poses of the
choreography—akin to composing lyrics devoid of thematic
meaning. While recent attempts (Gong et al. 2023; Liu et al.
2025) incorporate textual guidance to convey choreography
intent, the lack of high-quality datasets containing music-
motion-text triplets limits the granularity of control, hinder-
ing precise control at the body-part level. Drawing upon the
motivation choreography (Humphrey 1959) within dance
studies, we introduce MotivDance, a body-part aware fine-
grained text guided dance motion generation framework.

Motivation choreography is a creation methodology that
employs core poses motivation as the generative kernel, sys-
tematically transforming and developing them to construct
unified and thematically rich dance sequence (Humphrey
1959). Following this, our MotivDance treats generated key
poses guided by texts as motivations, then applies motion
in-betweening as the development.

Specifically, we employ the pre-trained PoseScript
model (Delmas et al. 2022) to generate key poses guided
by fine-grained textual descriptions, serving as the motiva-
tions for choreography. To combine these motivations with
the music structure, we propose an Adaptive Keyframe Lo-
cator that aligns the CLIP-derived latent spaces of motion
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Figure 2: Overview of our MotivDance for motivation choreography. Key poses are guided by textual descriptions and localized
through the Adaptive Keyframe Locator. Subsequently, a motion in-betweening diffusion model is employed to generate the

complete dance sequence.

and music and subsequently utilizes beat perception and se-
mantic similarity to dynamically determine the optimal po-
sitions of key poses within the motion sequence. To expand
and diversify the expression of core motivations through-
out the dance sequence, we design a motion in-betweening
diffusion model inspired by (Karunratanakul et al. 2023),
which facilitates the transformation of motivation cues into
coherent and dynamic dance sequences. Furthermore, we
introduce a spatio-temporal masking mechanism to explic-
itly enhance the representation of key poses within the noisy
motion sequence following (Cohan et al. 2024). During the
denoising process, we implement a Transformer-based U-
Net decoder that integrates conditional inputs and noise fea-
tures through cross-attention mechanisms, facilitating high-
quality and contextually coherent dance motion generation.
In summary, our contributions are as follows:

* We introduce the motivation choreography into the Al
dance generation, proposing a novel framework that in-
tegrates fine-grained, text-guided key poses (i.e., motiva-
tions) generation with a motion in-betweening diffusion
model to synthesize structurally coherent and semanti-
cally meaningful dance sequences.

We design an Adaptive Keyframe Locator that integrates
key poses with music by incorporating an adapter module
to align the semantic latent spaces of music and motion.
This locator dynamically identifies the optimal key pose
positions by computing semantic similarity between mo-
tion and music features, along with beat perception.
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* We propose a dance motion in-betweening diffusion
framework employing a Transformer-based U-Net archi-
tecture decoder.

» Extensive qualitative and quantitative experiments val-
idate the effectiveness and superiority of the proposed
method in generating high-quality, temporally coherent
dance motions.

2 Related Work

Recent years have witnessed notable progress in human mo-
tion generation (Tevet et al. 2022b; Chen et al. 2023; Zhang
et al. 2024). The following section presents a structured tax-
onomy of existing methodologies and delineates the core
distinctions with our MotivDance.

Text-to-Motion Generation. Notable advancements have
recently been achieved in text-to-motion generation re-
search. MDM (Tevet et al. 2022b) pioneers the application
of diffusion models (Ho, Jain, and Abbeel 2020) to raw
motion sequence modeling. MLD (Chen et al. 2023) pro-
poses a latent diffusion approach, compressing motion data
into a low-dimensional latent space prior for efficient syn-
thesis. MotionCLIP (Tevet et al. 2022a) establishes align-
ment between 3D human motion and the CLIP (Radford
et al. 2021) semantic embedding space. MoMask (Guo et al.
2024) employs hierarchical residual quantization and bidi-
rectional transformers for efficient motion generation. Hu-
manTOMATO (Lu et al. 2023) extends this to whole-body



motion through separate body and hand codebooks. In con-
trast to these methodologies, our MotivDance leverages fine-
grained textual descriptions to synthesize key poses. These
key poses subsequently serve as motivations for motion in-
betweening, reconstructing the complete motion sequence.

Music-to-Dance Generation. Recent advancements in
music-conditioned dance generation have employed diverse
paradigms. Initial approaches, typically relying on motion
retrieval and graph-based methods, demonstrate limited flex-
ibility and often failed to generalize across varying musi-
cal tempos (Fan, Xu, and Geng 2011; Lee, Lee, and Park
2013; Ofli et al. 2011). Subsequent researches leverage deep
learning architectures. FACT (Li et al. 2021b) introduces a
cross-modal transformer with full-attention mechanisms to
enhance music-motion alignment, and Bailando (Li et al.
2022), which proposes a quantized choreographic memory
combined with an actor-critic GPT architecture to address
spatial constraints and improve temporal synchronization.
More recently, EDGE (Tseng, Castellon, and Liu 2023) fa-
cilitates powerful motion editing capabilities such as in-
betweening and joint-wise conditioning. A persistent limi-
tation of prevailing methods is their mainly dependence on
music input, resulting in constrained controllability over the
generated motion. While TM2D (Gong et al. 2023) have in-
corporated textual prompts for guidance, their capacity for
fine-grained, body-part-specific control remains restricted,
attributable to the scarcity of high-quality, textually anno-
tated dance datasets. To address these limitations, our pro-
posed model integrates key poses generation with motion
in-betweening, circumventing data scarcity challenges and
enabling the synthesis of high-quality dance motions with
textual controllability.

Motion In-Betweening. Motion in-betweening represents
a well-established domain. Subsequent advancements driven
by deep learning and generative modeling have yielded
methodologies employing VAEs (He et al. 2022; Li
et al. 2021a), GANs (Zhou et al. 2020) and Normaliz-
ing Flow (Yang et al. 2024). However, these initial gener-
ative approaches are typically constrained to interpolation
with fixed keyframe patterns. Some progress in this field
has been facilitated by the emergence of diffusion mod-
els (Ho, Jain, and Abbeel 2020). GMD (Karunratanakul
et al. 2023) addresses the challenge of sparse spatial con-
straints through its Emphasis Projection and Dense Signal
Propagation mechanisms. Concurrently, OmniControl (Xie
et al. 2023) proposes a unified framework utilizing a hy-
brid guidance mechanism, integrating spatial guidance for
joint positioning with realism guidance to preserve natu-
ral motion dynamics. CondMDI (Cohan et al. 2024) intro-
duces a masked conditional diffusion model trained on ran-
domized subsets of keyframes and joints, thereby achiev-
ing generalization across diverse sparse keyframe configu-
rations. Building upon these foundational contributions, our
MotivDance employs a Transformer based U-net architec-
ture diffusion model for motion in-betweening, integrated
with text-guided key poses to enable text-controlled dance
motion generation.
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3 Preliminaries

Diffusion models (Ho, Jain, and Abbeel 2020) have demon-
strated exceptional generative capabilities, exhibiting sig-
nificant potential for synthesizing high-quality and diverse
samples across various domains (Mittal et al. 2021; Ho et al.
2022a,b). These models learn the underlying data distribu-
tions through a forward diffusion process followed by a con-
ditional reverse denoising process.

The forward diffusion process incrementally introduces
Gaussian noise to the initial data xy over 1T discrete
timesteps according to a predefined variance schedule ;.
Specifically, the transition probability from x;_; to x; is
given by:

q(x¢|x¢-1) =N (Xt; V1= Bix_1, 5t1)

This formulation facilitates the derivation of a closed-form
solution for sampling at any given timestep ¢ through the
application of reparameterization techniques:

Xt:\/(jétXO—F\/l—@tG, GNN(O,I)

where oy = 1 — By and &y = Hle «;. This reparameter-
ization enables efficient generation of noisy samples at any
intermediate stage of the diffusion process.

The conditional reverse process aims to reconstruct the
original data from pure noise X7 by iteratively removing
noise with the guidance of a conditional variable c. The tran-
sition probability in this reverse direction is defined as:

N (thl; IJ’G(Xta t7 C)a Et)

(D

@

3)

where py(x¢, ¢, ¢) is the estimated mean and 3; represents
a time-dependent covariance matrix determined by the noise
schedule.

Most motion-oriented diffusion models leverage this
framework to generate realistic and temporally coherent mo-
tion sequences by conditioning on relevant contextual infor-
mation such as music or textual descriptions. The training
objective is to optimize the diffusion model decoder, de-
noted by Gy(x¢,t, ¢), as follows:

pG(thl‘XtaC)

L= E(xo,c)wq(XO,c),tNZ/t[l,T] [”XO - GQ(Xt7 ta C)HQ] (4)

4 Method

The overview of our MotivDance is depicted in Figure 2.
We introduce a novel framework designed to effectively cap-
ture dance intentions from natural language descriptions. In
Section 4.1, we first present the motion representation em-
ployed throughout the framework. Subsequently, in Section
4.2, we leverage the PoseScript (Delmas et al. 2022) model
to extract semantic features from fine-grained textual in-
puts and generate corresponding key poses. Furthermore, to
achieve semantic-aware and beat-aware keyframe position-
ing, we introduce an Adaptive Keyframe Locator in Section
4.3. Building upon these generated key poses, we finally em-
ploy a Transformer-based motion in-betweening diffusion
model as detailed in Section 4.4.



4.1 Motion Representation

We represent human motion using the tensor x € REXN XD,
where B denotes batch size, N indicates the number of
frames, and D = 272 specifies the feature dimensionality
per frame. We set the number of joints as 22 and decompose
motion into local motion and global motion. To enhance
keyframe interpretability and facilitate direct guidance, we
incorporate absolute root joint positions and rotations. The
motion at frame ¢ is formally defined as:

x; = {x},x;} € R*™ (5)

where x¢ and x} denote global and local motions at frame i.
The global component at time ¢ comprises the relative root
rotation 6! and position 77 € R?® (w.r.t. previous frame), the
absolute root rotation ¢ € RS, and position r¢ € R3:
o : : 13

x5 ={67,600,r,r¢t eR (6)
The local component includes root-relative joint positions
p; € R?1X3 and rotations w; € R?1*6, the global joint ve-
locities v; € R?2*3 and foot contact states ¢; € R*:

1 259
Xi = {pi7wi7vivci} S R

(N

4.2 Text to Dance Pose Generation

Key poses function as structural and expressive anchors
within the motivation choreography, defining its core move-
ments, transition elements, and overarching artistic in-
tent (Humphrey 1959). PoseScript (Delmas et al. 2022)
demonstrates robust performance in interpreting natural lan-
guage descriptions of human poses and translating them into
corresponding 3D joint parameters. During our practical im-
plementation, users are provided with a set of 12 candidate
poses and can interactively select the option that best aligns
with their creative objectives or the specific requirements of
the choreography.

A discrepancy exists between the output specifications
of PoseScript and the motion representation in our system.
Specifically, PoseScript generates poses defined by relative
joint rotations with respect to the root joint. In contrast, our
framework utilizes a comprehensive 272-dimensional mo-
tion representation vector. To bridge this gap and integrate
PoseScript output into our higher-dimensional representa-
tion, we first employ forward kinematics to compute joint
positions relative to the root. Subsequently, a masking strat-
egy is applied: the derived key pose parameters are mapped
to their corresponding positions within the 272-dimensional
vector. The remaining dimensions are masked, designating
them for refinement and completion by subsequent modules.
This approach effectively integrates key poses into the com-
prehensive motion representation while reserving masked
degrees of freedom for downstream processing.

4.3 Adaptive Keyframe Locator

In motivation choreography, dance exhibits isomorphism
with the semantic structure of the music (Humphrey 1959).
This relationship necessitates temporal coupling between
dance motivations and the musical structure, requiring se-
mantically and beat-aware key pose placement. The pro-
posed module comprises: (1) a Wav2CLIP (Wu et al. 2022)
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Figure 3: We design a Wav2CLIP adapter and employ con-
trastive learning to align the joint embedding spaces of mu-
sic and motion.

Adapter transforming music features, (2) Semantic Con-
trastive Alignment bridging the latent spaces of Motion-
CLIP (Tevet et al. 2022a) and adapted music embeddings,
and (3) Semantically Beat-Aware Keyframe Insertion, posi-
tioning key poses at the highest semantic-similarity music
beat frame.

Wav2CLIP Adapter. To achieve semantic-aware key
poses positioning, Wav2CLIP (Wu et al. 2022) serves as our
foundational music semantic feature extractor. This model
facilitates cross-modal alignment by distilling knowledge
from the CLIP visual model (Radford et al. 2021), extract-
ing audio features within CLIP’s shared embedding space.
Consequently, Wav2CLIP maps audio into a multimodal
space semantically aligned with visual and textual represen-
tations. However, as Wav2CLIP is trained on general video-
derived visual scenes, its capacity to capture nuanced mu-
sical semantics is inherently constrained. To address this
limitation, we introduce an adapter module that refines and
enhances the original Wav2CLIP features. The proposed
Wav2CLIP adapter, illustrated in Figure 3, employs a resid-
ual architecture incorporating a three-layer multilayer per-
ceptron (MLP).

Semantic Contrastive Alignment. To achieve cross-
modal alignment between music and dance, we implement
the contrastive learning paradigm. As MotionCLIP (Tevet
et al. 2022a) model aligns human motion representations
with CLIP’s rich visual-textual embedding space, we use
MotionCLIP encoder to extract semantic features from
dance motion.

Following (Qi et al. 2023), we freeze weights in both the
MotionCLIP encoder and pre-trained Wav2CLIP encoder
during contrastive training. This preserves valuable pre-
trained knowledge and ensures stable alignment learning,
updating only parameters within the Wav2CLIP adapter. Op-
timization employs the InfoNCE loss (Alayrac et al. 2020),
which maximizes similarity between corresponding music
embeddings (m) and dance motion embeddings (p) while
minimizing similarity for non-corresponding pairs. For a
batch of N paired music-motion sequences, the loss for the



i-th positive pair (m;, p;) is:
exp(sim(m;, p;)/7)
>, exp(sim(my, p;)/7)

®

‘Ccontrastive = -

where sim(+, -) denotes cosine similarity and 7 is a tempera-
ture parameter scaling the logits.

We utilize heatmaps to visualize the correlation between
motion and music before and after alignment, with results
shown in Figure 4. After the alignment through contrastive
learning, the correlation between motion and music is en-
hanced, indicating that the features of motion and music be-
come closer in the latent space.

Semantically Beat-Aware Keyframe Insertion. Follow-
ing the establishment of the joint latent space, we deter-
mine optimal temporal positions for key poses using a dual-
constrained strategy that balances semantic relevance and
rhythmic fidelity. This process comprises two sequential
stages:

1. Music Beat Extraction: Perceptually salient rhythmic
moments are first identified through beat detection, yield-
ing a sequence of beat onsets B = by,bs,...,bys. This
establishes the constrained temporal positions b; where
keyframe insertion is permitted, ensuring inherent rhyth-
mic fidelity.

Beat-Constrained Semantic Optimization: Candidate
key pose k is encoded into the joint latent space via the
MotionCLIP encoder, generating pose embedding pg.
Frame-level music features {my, } are extracted at each
beat position b; € B using adapted Wav2CLIP model.
The semantic relevance between the pose and music con-
text at each beat is quantified through cosine similarity:

myp; - Pk )

s(b; k) = —bs Pk _
©5k) = Ty, TTpel

The optimal insertion time 7, is selected as the beat po-
sition maximizing semantic correspondence:

ty = argmax s(bj, k) (10)

b;eB

The beat-first constraint ensures robust rhythmic synchro-
nization, while the subsequent semantic optimization selects
the most contextually appropriate beat position for each key
pose, achieving precise alignment of choreographic motiva-
tions with musico-structural events.

4.4 Dance Motion In-Between Diffusion Model

Building upon the key poses, we propose a motion in-
betweening diffusion model to interpolate the motion be-
tween provided keyframes while adhering to the music. The
details are as follows:

Key Pose Fusion Mechanism. To effectively integrate
sparse key frames into the diffusion process while ensur-
ing fidelity to these semantic poses, we employ a spatio-
temporal masking strategy inspired by (Harvey et al. 2022).
This strategy selectively replaces noisy motion samples.
During training, we apply a temporal mask that randomly
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Figure 4: Semantic similarity heatmaps before (left) and af-
ter (right) alignment. The heatmaps visualize the correlation
between motion and music features, showing significantly
enhanced alignment after contrastive learning.

samples a subset of available keyframes for input. This en-
ables flexible conditioning on a variable number of key
poses. Furthermore, as discussed in Section 4.2, the key
poses generated by PoseScript constitute only a part of our
motion representation. Thus, we introduce a spatial mask
that randomly samples a subset across the feature dimen-
sion. This enhances robustness to spatial variations.

These temporal and spatial masks M are defined as
binary-valued tensors, where values are set to 1 at observed
keyframe timesteps and joint positions, and 0 elsewhere. The
fusion process constructs the conditioned input by combin-
ing the noisy motion sample x; with the clean key pose data
X0, using the mask via element-wise multiplication (©):

X?aSked:MQXok“l‘(l_M)th (11

Crucially, following (Cohan et al. 2024), we concatenate the
tensor x"*ked with the binary mask M itself along the chan-
nel dimension. This concatenated tensor [x*k¢d M] serves
as the primary input to our diffusion model. This explicitly
provides the model with the known key poses information
and the precise spatio-temporal locations where this condi-

tioning signal is applied.

Transformer Based Conditional Diffusion Model. A
conditional diffusion model is employed for motion in-
betweening to generate dance sequences. We extract the rich
music features by Jukebox (Dhariwal et al. 2020)—a music
generation model pre-trained on 1.2 million musical pieces
which excels at capturing nuanced rhythmic patterns and dy-
namic volume variations (Burgoyne, Fujinaga, and Downie
2015; Donahue and Liang 2021). Embeddings representing
dancer identity and choreography IDs are simultaneously in-
corporated. This composite conditioning vector guides the
denoising process, facilitating the generation of high-fidelity
dance sequences.

The core of the diffusion model is a denoising de-
coder based on the U-Net architecture, following the de-
sign of CondMDI (Cohan et al. 2024). However, the Adap-
tive Group Normalization (AdaGN) for feature fusion in
CondMDI (Cohan et al. 2024) is insufficient for captur-
ing the complex relationship between musical features and
dance motions. Consequently, we adopt the transformer-
based paradigm, and incorporate residual layers into our U-
Net architecture. Furthermore, the model is enhanced with



attention mechanisms and dense Feature-wise Linear Mod-
ulation (FiLM) layers to enable context-aware conditioning.
In this refined architecture, each FiLM layer processes both
the output from the preceding layers Y and the timestep em-
bedding e;:

W = (u(o(er), B=((o(e (12)
FLM(Y)=WoY+B (13)

where o, (,, and (; represent linear layers, and ©® denotes
element-wise multiplication.

Through the hierarchical integration of these design ele-
ments, the framework achieves superior adaptation to input
motion feature distributions and contextual nuances.

1)

S Experiments

In this section, we introduce the datasets and evaluation met-
rics used in the experiments, and present both qualitative and
quantitative results. These demonstrate that our MotivDance
achieves high-quality dance motion generation.

5.1 Dataset

In our experiments, we evaluate the proposed method on two
datasets: AIST++ (Li et al. 2021b) and FineDance (Li et al.
2023a).

AIST++. AIST++ contains approximately 5.2 hours of 3D
motion data, consisting of 1408 sequences performed by 30
dancers across 10 different dance genres. The 3D motions
are reconstructed from synchronized multi-view videos (9
views) with 60-FPS and represented using the SMPL (Loper
et al. 2023) model with 24 body joints.

FineDance. The FineDance dataset is a 3D optical motion
capture dataset comprising 14.6 hours dance motion data. It
is represented by a 52-joint skeleton model with 30-FPS, and
comprehensive coverage of 22 professional dance genres.

5.2 Evaluation Metrics

To assess the quality of synthesized dance sequences, we
compute both kinetic (Onuma, Faloutsos, and Hodgins
2008) and geometric (Miiller, Roder, and Clausen 2005) mo-
tion features. We subsequently calculate the Fréchet Incep-
tion Distance (FID) (Heusel et al. 2017) between the gen-
erated sequences and the entire dataset (encompassing both
training and test partitions) using these feature representa-
tions. Additionally, we quantify motion diversity by com-
puting the average pairwise Euclidean distance. To evaluate
rhythmic coherence with the input music, we employ the
Beat Alignment Score (BAS). Furthermore, we adopt the
Keyframe Error (KE) metric (Karunratanakul et al. 2023),
which computes the mean Euclidean distance between root
joint positions in the generated motion and corresponding
ground-truth keyframes at specified keyframe timesteps.

5.3 Qualitative experiments

To demonstrate the generation capabilities of MotivDance,
we employ fine-grained text-guided key poses generation
and integrate them into the dance motion sequence. Notably,
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| “Left hand raised upward, right hand extended to the right, right leg |
‘ lifted upward, and right foot kicked forward.” 1
1 “Stand with feet together and knees bent. Reach both arms straight up.”

1 “Spread both legs apart, raise both hands high above, look forward.”
1“Lean forward and bend at the waist, with both legs standing malghl
| and both hands hanging naturally down.”

“Squat down with both legs bent and stretch both hands forward mm’
; upward.”

Figure 5: Qualitative results demonstrate that our Motiv-
Dance achieves body-part-aware, fine-grained text-guided
dance motion generation. Key poses generated under fine-
grained textual guidance are highlighted in green.

“The person is standing on the Ilg/?f foot with the lefi leg raised to
! the side and back, both arms lifted upward, and the head tilted back
: looking up at the sky.” |

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

“Raise up both hands, legs uossed with the right /ool
in front and the /eftf()ol at the back, head upright.”

Figure 6: Qualitative comparison. Our MotivDance gen-
erates dance motions faithfully reflecting body-part-aware
fine-grained text control, whereas TM2D struggles to fully
comply. Left: Our results. Right: TM2D results.

the fine-grained text in our MotivDance is designed to op-
erate at the body-part level of granularity. As shown in Fig-
ure 5, the results indicate that MotivDance is capable of gen-
erating dance motions that follow the specified fine-grained
textual descriptions.

Furthermore, we compare to TM2D (Gong et al. 2023),
with results presented in Figure 6. Our approach demon-
strates the ability to generate motions aligned with body-part
aware, fine-grained textual guidance, whereas TM2D shows
limited adherence to such detailed specifications.

5.4 Quantitative experiments

In this section, we evaluate MotivDance’s performance for
both keyframe-based and keyframe-free methods, incorpo-
rating an ablation study and a user study (in appendix).

Sparse Keyframe-based Generation. To evaluate
the motion in-betweening of MotivDance under sparse
keyframe guidance, we conduct comprehensive com-
parisons with state-of-the-art motion diffusion models,
including Omnicontrol (Xie et al. 2023), GMD (Karun-



Method FID.| FID,| Divit Divyt KE|
OmniControl ~ 74.56 5587 245 936  1.8732
GMD 71.17 21936  3.64  13.15 0.8255
CondMDI  66.13 5095 3.73 10.12 0.1951
MotivDance  64.36 4745  3.98 1035 0.1211

Table 1: Comparison Results for Sparse Keyframe-Based
Generation on the AIST++ test set.

Method FID,! FID,| Divit Div,® BAS?t
Ground Truth  17.10  10.60  8.19 745  0.2374
DanceNet  69.18 2549 2386  2.85  0.1430
EDGE 4216 2212 396 461 02334
LODGE 37.09 1879 558 485  0.2423
FACT 3535 2211 594 618  0.2209
Bailando 28.16 9.62 783 634 02332
MotivDance ~ 13.64 1371  7.68 431  0.1919

Table 2: Comparison of Keyframe-Free Dance Motion Gen-
eration Results on the AIST++ Dataset.

ratanakul et al. 2023), and CondMDI (Cohan et al. 2024).
Several existing baseline methods (Karunratanakul et al.
2023; Xie et al. 2023) do not natively support condi-
tioning on arbitrary, full-body joints. To facilitate a more
meaningful and comprehensive comparison, we follow
CondMDI (Cohan et al. 2024) and focus on the root joint
trajectory. For a fair comparison, the motion generation
is conditioned by setting 5 keyframes at uniformly dis-
tributed positions along the motion sequence. We slice
the test sequence of AIST++ (Li et al. 2021b) following
EDGE (Tseng, Castellon, and Liu 2023) and evaluate the
performance on these slices. The quantitative results are
summarized in Table 1. The experimental results demon-
strate that MotivDance achieves superior motion generation
quality, while maximally preserving keyframe consistency
and yielding the lowest keyframe error.

Keyframe-free Generation. To evaluate the model’s ca-
pability in generating dance motion solely driven by music,
we conduct experiments under keyframe-free conditions.
During the inference phase, all input masks are set to zero,
and the generation process is initialized purely from noise.

We compare MotivDance with a series of exist-
ing methods, including DanceNet (Zhuang et al. 2022),
EDGE (Tseng, Castellon, and Liu 2023), LODGE (Li et al.
2024a), FACT (Li et al. 2021b), Bailando (Li et al. 2022).
The results, summarized in Table 2, indicate that our method
achieves superior performance in terms of generation qual-
ity, as measured by the FID. Additionally, it maintains com-
petitive performance in other evaluation metrics, demon-
strating its effectiveness in preserving high fidelity to the
music-conditioned generation task.

Furthermore, due to the rich diversity of dance motions
in the FineDance dataset, we conduct an evaluation of the
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Method Divg 1 Divyt BAS?T
Ground Truth 9.73 7.44 0.2120
FACT 3.36 6.37 0.1831
Bailando 7.74 6.25 0.2029
EDGE 8.13 6.45 0.2116
LODGE 5.67 4.96 0.2269
MotivDance 9.96 8.18 0.2302

Table 3: Comparison of Keyframe-Free Dance Motion Gen-
eration Results on the FineDance Dataset.

Method FIDg | FID,| Divg 1
w/o cross attention 72.71 23.29 3.68
w/o spatial mask 15.24 13.89 7.05
MotivDance 13.64 13.71 7.68

Table 4: We ablate cross-attention and spatial masking, and
study their effects on the quantitative performance metrics
FID and Div.

diversity and beat alignment score on the FineDance dataset.
As shown in Table 3, MotivDance achieves higher motion
diversity and better beat alignment.

Based on the analysis of Table 2 and 3, the AIST++
dataset primarily comprises electronic dance genres (e.g.,
Hip-hop, Breaking) characterized by intense and regular
rhythmic patterns. Consequently, the generated motions tend
to exhibit periodic patterns and repetitive motions, con-
straining motion diversity. In contrast, the FineDance dataset
encompasses a richer variety of dance genres, thereby pro-
viding the model with an expanded generative space that
more readily facilitates diversified motion generation.

Ablation Study. We conduct an ablation study on the
keyframe-free generation task on AIST++ test set, focusing
on the roles of cross-attention and spatial masking. In the ab-
sence of cross-attention, we replace it with Adaptive Group
Normalization (AdaGN). When spatial masking is removed,
only temporal masking is applied during the generation pro-
cess. Model performance is evaluated using the FID and Div
metrics. The results (shown in Table 4) suggest that both
components contribute to overall performance, as removing
either component generally leads to lower performance in
terms of FID and Div scores compared to the full model.

6 Conclusion

Overall, MotivDance integrates motivation choreography
with artificial intelligence, leveraging key poses genera-
tion combined with motion in-betweening to achieve fine-
grained text guided dance generation while adhering to
music. It circumvents the scarcity bottleneck of high-
quality, text-described dance datasets and achieves adaptive
keyframe localization. Evaluations demonstrate that Motiv-
Dance delivers a more precise and effective solution for text-
driven dance motion generation.
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