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Edit Prompt 1 : Convert jogging posture into behind side steps, arms extending outward.

Edit Prompt 2 : Step forward and cross feet, swing arms casually, then kick leg slightly

Multi-Modal
Conditions

Inital dance

Iteration 2

Init
al d

anc
e

dingg outtwward.

Cond

Inital dance

Multi-Modal
Conditions

prediction

editing stage
Iter

ation
1

editing stage

editing stage

EEddiit PP

Multi Modal
CCoonndditions

prediction

ation 2on 2

IterIte

editing sttaaggee

Figure 1. Our DanceEditor framework, pre-trained on a large-scale dataset, enables iterative and editable dance generation that is

coherently aligned with the provided music signals. The highlighted texts and avatar shadow effects here specifically indicate edits related

to body movements.

Abstract

Generating coherent and diverse human dances from mu-
sic signals has gained tremendous progress in animat-
ing virtual avatars. While existing methods support di-
rect dance synthesis, they fail to recognize that enabling
users to edit dance movements is far more practical in
real-world choreography scenarios. Moreover, the lack
of high-quality dance datasets incorporating iterative edit-
ing also limits addressing this challenge. To achieve this
goal, we first construct DanceRemix, a large-scale multi-
turn editable dance dataset comprising the prompt featur-
ing over 25.3M dance frames and 84.5K pairs. In addi-
tion, we propose a novel framework for iterative and ed-
itable dance generation coherently aligned with given mu-
sic signals, namely DanceEditor. Considering the dance

∗ These authors contribute equally. Corresponding authors.

motion should be both musical rhythmic and enable iter-
ative editing by user descriptions, our framework is built
upon a prediction-then-editing paradigm unifying multi-
modal conditions. At the initial prediction stage, our frame-
work improves the authority of generated results by directly
modeling dance movements from tailored, aligned music.
Moreover, at the subsequent iterative editing stages, we in-
corporate text descriptions as conditioning information to
draw the editable results through a specifically designed
Cross-modality Editing Module (CEM). Specifically, CEM
adaptively integrates the initial prediction with music and
text prompts as temporal motion cues to guide the synthe-
sized sequences. Thereby, the results display music harmon-
ics while preserving fine-grained semantic alignment with
text descriptions. Extensive experiments demonstrate that
our method outperforms the state-of-the-art models on our
newly collected DanceRemix dataset. Code is available at
https://lzvsdy.github.io/DanceEditor/.

This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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1. Introduction
The music-conditioned dance generation seeks to create co-

herent and diverse human dance movements synchronizing

with musical rhythms. These non-verbal body languages

transcend cultural boundaries to communicate emotions,

ideas, and narratives in real life [7, 15]. Meanwhile, mod-

eling music-driven dance movements has broad real-world

applications, including choreography creation [5, 35, 50],

embodied AI [29, 32], avatar animation [1, 36, 39], human-

machine interaction [33, 34, 39], and virtual/augmented re-

ality (AR/VR) [4, 13]. In recent years, many studies have

been conducted to tackle this complex challenge.

While significant progress has been made in directly

music-driven dance generation [5, 17, 18, 25, 46], dance

editing remains rarely explored. Although some works syn-

thesize the controllable dance sequences by incorporating

text prompts and music jointly [10, 22, 24, 49], they mostly

overlook producing iterative high-quality results that fol-

low the user guidance in practice. Meanwhile, few re-

searchers have devoted themselves to constructing datasets

with multi-turn editable dance movements aligned with mu-

sic conditions. For example, the choreographer may intend

to iteratively edit the unsatisfactory generated initial dance

by concise edit descriptions such as ‘lift right knee higher”

or ‘kick left leg twice”. In this work, we therefore introduce

the new task of iterative editable dance generation condi-

tioned on music and text descriptions, as shown in Figure 1.

There are two main challenges in this task: 1) High-

quality dance datasets supporting multi-turn editing are

scarce. Creating such a dataset composed of accurate text

descriptions aligned with both iterative motions and music

is quite difficult. The intrinsic subjective nature of dance

makes it difficult to describe, combined with the costly labor

required for annotations. 2) Modeling coherent and diverse

dance motions aligned with musical rhythms and tempos

is challenging, especially when utilizing iteratively open-

vocabulary edit descriptions.

To address the issue of data scarcity, we construct a new

large-scale multi-turn editable dance dataset comprising the

prompt featuring over 25.3M dance frames and 84.5K pairs,

dubbed DanceRemix, as shown in Figure 2. The key chal-

lenge is how to carefully build the iterative dance motions

aligned with the given music signals. Inspired by the text-

motion retrieval approach TMR [31], our insight is to lever-

age the pre-annotated text descriptions of dance motions for

constructing pairs of similar dances. In particular, we first

employ the TMR to conduct motion-to-motion retrieval, al-

lowing us to obtain pairs of candidates for multiple rounds

of editing. To ensure the retrieved dance motion rhythmi-

cally aligned with music beats, we use dynamic time warp-

ing to match motion and music beats as inspired by [49].

Once the motion pairs are acquired, we utilize the advanced

MLLM [42] to derive dense descriptions of dance move-

ments. Furthermore, based on these captions, we lever-

age ChatGPT [28] to produce the coherent transformation

scripts from given sequences to similar ones.

Based on our DanceRemix dataset, we propose a

novel framework, named DanceEditor, to model music-

driven dance generation and enable iterative editing by

open-vocabulary descriptions. To achieve this goal, our

framework is built to unify multi-modal conditions by a

prediction-then-editing paradigm. In the initial prediction

stage, we introduce a transformer-based diffusion branch to

directly produce the high-fidelity motion sequences accord-

ing to tailored aligned music. The second stage aims to syn-

thesize the multi-turn iterative edited motions, followed by

the guidance of the text prompt and initial results.

To ensure the edited dance movements are fine-grained

semantic alignment with edit prompts while preserving the

rhythmic of the initial prediction with music signals, we

present an editing paradigm called Cross-modality Editing

Module (CEM), analogous to the famous ControlNet [52].

Specifically, CEM adaptively integrates the initial dance

predictions with music and text prompts into a shared joint

latent space. Then, we model the joint embedding of text

and initial dance, as well as text and the current iterative

motions, while thoroughly considering the temporal corre-

lation between the text and dance. The learned joint em-

bedding is leveraged as a soft weight to provide the tempo-

ral dependence of the generated current edited dance move-

ments w.r.t. the initial ones. Here, we infuse it into the edit-

ing branch via an adaptive instance normalization (AdaIN)

layer [48], thereby further enhancing high-fidelity dance

generation that aligns well with the edited descriptions. Ex-

tensive experiments on our newly collected DanceEditor

dataset verify the effectiveness of our method, demonstrat-

ing diverse and plausible dance generation and editing.

Overall, our contributions are summarized as follows:

• We introduce the new task of iterative, editable music-

driven dance generation with one newly collected large-

scale dataset named DanceRemix, significantly paving

the way for diverse dance generation and editing.

• We propose DanceEditor, a novel framework that enables

high-fidelity multi-turn iterative choreography following

a prediction-then-editing paradigm.

• We present a custom-designed Cross-modality Editing

Module (CEM) to encourage the temporal synchroniza-

tion of dance movements w.r.t. multi-modal conditions,

including music, and text prompts, thereby allowing

open-vocabulary text-guided coherent dance motion gen-

eration.

• Extensive experiments show that our method outperforms

state-of-the-art counterparts, displaying realistic and im-

pressive iterative editable dance sequence generation.
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Figure 2. The workflow of DanceRemix dataset construction.

Firstly, we perform motion-to-motion retrieval to obtain similar

dance motion pairs. Then, we align the motion beats of the edited

dance with the music beats. For aligned dance pairs, we use Gem-

ini to generate dense dance captions for the dance videos. Next,

based on the generated captions, we leverage ChatGPT to gen-

erate edit instructions. Through several motion pair retrievals, we

obtain music, seed dance, a series of edit prompts, and correspond-

ing edited dance motions.

2. Related Work

Music to Dance Generation: Early studies in music-to-

dance synthesis focused on template-based approaches, in-

cluding example-based alignment [9], statistical music-

motion mapping [27], and music similarity-driven motion

stitching [16]. While pioneering, these methods suffer

from short motion duration, limited diversity, and unnatu-

ral transitions due to reliance on handcrafted rules. Sub-

sequent deep learning approaches improve generalization:

GrooveNet [2] and ChoreoMaster [5] leverage neural net-

works for real-time synthesis, while LSTM-autoencoders

[41] and adversarial learning frameworks like DeepDance

[40] enhance temporal coherence. Nevertheless, determin-

istic generation paradigms lead to rigid motions and re-

stricted style diversity.

The advent of Transformers revolutionizes temporal

modeling. Works like AI choreographer [17] and Mu-

sic2Dance [56] utilize cross-modal attention to align mu-

sic and motion features, achieving superior rhythmic syn-

chronization. However, challenges like unnatural joint rota-

tions and motion discontinuities persist in a complex chore-

ography. Recent generative models further advance the

field: GAN-based methods [14] improve continuity but

face mode collapse, while diffusion models (e.g., EDGE

[46], Bailando [51]) achieve state-of-the-art quality through

iterative denoising. Despite progress, critical limitations re-

main high computational costs, temporal inconsistency in

Table 1. To the best of our knowledge, our DanceRemix is the

first large-scale dataset that enables iterative editable dance gen-

eration. Given each music segment, our dataset contains at least

two different iterable editing sequence pairs (i.e., × 2) with corre-

sponding editing prompts.

Dataset Edit prompt Motion Music(hours)

Duolando[37] � 334 0.38

PopDanceSet[25] � 1,036 0.56

Finedance [18] � 211 14.6

AIST++[17] � 1,408 5.19

DanceRemix(Ours) 84,523 84,523×2 117.39

long sequences, and an inability to support iterative user

editing, which is essential for practical choreography.

Text to Motion Generation: Text-to-motion research pri-

marily follows two paradigms. Align-based methods [11,

30, 43] project text and motion into shared latent spaces but

struggle with fine-grained correlations. Condition-based

models like MotionDiffuse [53], MDM [44], and MLD

[6] directly inject text features into generators via diffusion,

yet neglect editability. Recent editing techniques attempt

to bridge this gap: FineMoGen [54] edits spatiotempo-

ral details but requires restrictive input formats. Motion-

Fix [3] leverages paired data but fails in dance-specific ed-

its. MotionLab [12] unifies generation/editing but lacks

whole-body control. A key limitation across these works is

the disruption of music-dance synchronization during edit-

ing which is also limited by data scarcity. Existing datasets

(e.g., AIST++ [47], FineDance [18]) focus on single-turn

generation, lacking edit trajectories or textual instructions.

This impedes the development of frameworks requiring iter-

ative refinement. Our work addresses these gaps through the

DanceRemix dataset and a multi-conditioned (music + text)

editing framework, enabling coherent and user-controllable

dance synthesis.

3. Proposed Method
3.1. Iterative Editable Dance Dataset Construction
Dataset Description: Due to the deficiency of single map-

ping of dance and music in existing datasets, we newly

collect DanceRemix for iterative editable dance generation,

upon prior works [17, 21, 25]. To be precise, This ex-

tensive dataset ensures diverse dance movements, allow-

ing our model to learn intricate motion patterns and gener-

ate vivid dance motions. Additionally, to support our in-

sight into iterative editable dance generation, our dataset

has well-aligned dance motions and edit prompts. Specif-

ically, several dance sequences corresponding to the same

music piece are well-synchronized with musical rhythms

and beats. The transitions among these dance segments are

seamlessly aligned with the edit prompts. To the best of our
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Figure 3. In the initial prediction stage, a diffusion transformer-based Generating Branch takes music signals as input and synthesizes

vivid dance motions. During the second stage, the Editing Branch that contains a Cross-modality Editing Module (CEM) adaptively

incorporates the initial dance predictions with both the music and text prompts, guiding the generation of edited dance sequences.

knowledge, this is the first large-scale multi-turn editable

dance dataset, as reported in Table 1.

Automatic Data Collection Workflow: Constructing

datasets conducive to our task focuses on formulating one-

to-many mapping (one music signal w.r.t. several iterative

movement pairs), and synthesising fine-grained editing text

prompts among pairs of movements. Thanks to advanced

large multi-modality model approaches, we devise an auto-

matic data collection workflow as illustrated in Figure 2. To

obtain pairs of similar dance sequences, we employ a text-

motion retrieval approach, TMR [31], to perform motion-

to-motion retrieval based on re-organized motion sequences

from prior datasets. Then we apply a top-k selection strat-

egy to identify the similar pairs with an obvious but nat-

ural transition. To ensure the retrieved dance motions are

rhythmically aligned with the same piece of music, we use

dynamic time warping [49] to determine the optimal align-

ment between musical and motion beats. In this manner,

movements that are not in harmony with the beat of the mu-

sic are dropped out and manually checked.

Once several similar dance sequences well-aligned with

the same music piece are acquired, we use Gemini [42] to

generate fine-grained motion captions. Based on these cap-

tions, we leverage ChatGPT [28] to create coherent trans-

formation scripts representing editing text prompts from

one sequence to another similar one. Notably, the richness

and detail of the captions enable diverse edit prompts, in-

cluding additions, deletions, body part modifications, and

temporal or spatial edits, as shown in Figure 2. By in-

tegrating these methods, we can automatically and cost-

effectively generate a large-scale, multi-turn editable dance

dataset with well-aligned motions and edit prompts.

3.2. Problem Formulation
Given a sequence of music signal M = {m1, . . . ,mN},

our DancerEditor framework aims to produce iterative ed-

itable human dance movements X = {x1, . . . , xN} with

the aid of open-vocabulary descriptions. Here, N represents

the total frame length of dance sequences. For dance pos-

ture xi in each frame, we leverage the 24-joint SMPL [23]

format to represent body structure, where each joint is rep-

resented in 6D rotation representation for better modeling.

Besides, we introduce a 3-dimensional root position and

a 4-dimensional binary foot contact to indicate the global

body movements in a continuous sequence. Similar to the

prior work [46], we utilize the advanced audio technique

Jukebox [8] to map the raw music waves into rhythmic fea-

tures.

3.3. Prediction-then-Editing Paradigm
Considering the iterative editable dance movement syn-

thesis should preserve coherent alignment with both the

given music signals and editing text prompts, we present

a novel prediction-then-editing paradigm to unify the in-

corporation of these multimodal conditions. As shown in

Figure 3, the prediction-then-editing paradigm is collabora-

tively composed of an initial prediction stage and an itera-

tive editing stage. In the initial prediction stage, we utilize

a music-conditioned dance diffusion model to synthesize

dance movements from tailored, aligned music. During the

iterative editing stage, we intend to exploit the text prompts

as guidance for editable dance motion production.

3.3.1. Music-conditioned Initial Prediction
As illustrated in Figure 3, the initial prediction stage is com-

posed of a diffusion transformer-based generation branch.
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This branch is capable of effectively learning both the beat

and tempo of the dance, thus ensuring synchronization and

alignment with the accompanying music signals. Dur-

ing training, our denoiser is trained to generate continuous

dance motions from noisy dance sequences xt, conditioned

on the diffusion timesteps t and the music condition cm. We

first feed the noisy dance sequences into a linear layer to ob-

tain the hidden state of encoded dance movement, indicated

as hk, where k ∈ {0, ...,K} is the stacked denoiser blocks

for K times. The denoising process is guided by the simple

objective:

Lsimple = Ex,t,cm,ε∼N (0,1)

[∥∥x−Dc(x
t, t, cm)

∥∥2
2

]
, (1)

where Dc represents our music-conditional denoiser, ε ∼
N (0, I) is the added random Gaussian noise, and xt =
x+σtε is the gradually noise adding process at step t. Here,

σt ∈ (0, 1) is a constant hyperparameter. Moreover, follow-

ing the settings of [11, 45], we adopt the velocity loss Lvel

and foot contact loss Lfoot to improve the smoothness and

physical plausibility of the generated dance motions. Ac-

cordingly, the overall objective is defined as:

Ltotal = λsimpleLsimple + Lvel + Lfoot, (2)

where λsimple is trade-off weight coefficients.

3.3.2. Iterative Editable Dance Generation
In the following editing stage, we incorporate the editing

transformation prompts to achieve iterative editable dancer

generation. Inspired by ControlNet [52], we introduce an

editing branch to inject the condition signals into the dance

motion generation, as depicted in Figure 3.

Cross-modality Editing Module: To ensure the edited

dance movements have fine-grained semantic alignment

with edit prompts while preserving the rhythm of the ini-

tial prediction with music signals, we design a Cross-

modality Editing Module (CEM). Considering that the edit-

ing prompts usually display as the temporal-wise effects

upon the final results, our CEM effectively captures the

temporal relevance between the extracted text prompt fea-

tures and the motion embeddings of iteratively edited dance.

In particular, we first include the addition of a denoising

timestep and music condition as the query feature to match

the key feature and value feature belonging to the current

noisy motion via a cross-attention mechanism, thereby ob-

taining the music-coherent current sequence embedding.

Then, to achieve the fine-grained semantic control of the

updated current sequence embedding, we introduce an edit-

ing fusion block. Here, we calculate the temporal correla-

tion matrix between the updated current dancer embedding

*Here, the editing transformation prompts usually represent the move-

ment changes from the initial sequence to the target one, such as “lifting

your right leg higher”, or “swing your arms wider”.

and extracted text embedding as Medit ∈ R
N×N . This ma-

trix represents the temporal variants of the editing impact

upon the current dance sequence. Subsequently, we con-

duct a similar operation to acquire the matrix that denotes

the temporal deformation of the editing impact upon the ini-

tial dance sequence, as M init ∈ R
N×N . Furthermore, we

obtain the two learnable parameters represented by dance

fusion weights of the initial dances and the current iterative

dance motions, as follows

(σ, 1− σ) = Softmax(AdPool(Medit), AdPool(M init)),
(3)

where AdPool indicates the AdaptiveMaxPooling opera-

tion along the temporal dimension.

Once we acquire these weight parameters, we leverage

them to obtain the fused motion embedding by adaptively

integrating the current motion sequence features and the ini-

tial ones, formulated as:

ffusion = σ · f init + (1− σ) · f x̂t , (4)

where f init denotes the initial motion features and f x̂t indi-

cates the current iterative movement features. Through this

fashion, the obtained motion fusion embedding contains the

collaborative guidance representation with the help of edit

cues. The collaborative guidance representation is then ex-

ploited to boost the current iterative motion features by an

adaptive instance normalization (AdaIN) layer [48].

f ′x̂t

h = AdaIN(f x̂t , ffusion), (5)

where f ′x̂t

h represents edited motion embedding. In this

fashion, CEM allows the editing branch to effectively in-

tegrate temporal motion cues from the initial dance move-

ments and edit prompts, enabling the iterative generation of

editable dances through prompt adjustments. For the itera-

tive editing stage of text prompt conditioned dance gener-

ation, our training objective is consistent with the previous

initial prediction stage.

4. Experiments
4.1. Datasets and Experimental Setting
DanceRemix Dataset: Since the existing dance gener-

ation datasets fail to provide accurate edit descriptions

aligned with both dance motions and music, we contribute a

new dataset named DanceRemix to evaluate our approach,

upon prior work [17, 21, 25]. The dance motions of our

DanceRemix are collected from online sources and exist-

ing dance datasets. We then employ TMR to retrieve sim-

ilar dance pairs, ensuring their alignment with music beats

through dynamic time warping. To generate coherent and

natural transformation scripts for motions in these similar
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Table 2. Comparison of our DanceEditor framework and the state-of-the-art methods on our DanceRemix dataset and POPDG dataset. ↑
denotes the higher the better, and ↓ indicates the lower the better.

Models
DanceRemix Dataset POPDG Dataset

FID ↓ BAS ↑ Diversity ↑ PFC ↓ FID ↓ BAS ↑ Diversity ↑ PFC ↓
EDGE [46]CV PR′23 3.91 0.2519 2.29 1.635 4.26 0.2491 2.14 6.156

TM2D [10]ICCV ′23 3.84 0.2470 2.16 1.327 4.15 0.2466 2.09 5.340

Lodge [19]CV PR′24 3.57 0.2545 2.92 1.559 4.03 0.2473 2.57 5.788

POPDG [25]CV PR′24 4.02 0.2513 2.64 1.122 4.32 0.2502 2.33 4.875

DanceEditor 2.83 0.2560 3.12 0.784 2.87 0.2535 3.05 3.514

dance pairs, we leverage the state-of-the-art MLLM[42] to

extract dense captions from dance videos. Subsequently,

we utilize ChatGPT[28] to generate diverse editing instruc-

tions. This data collection workflow takes more than three

months, acquiring over 84.5 K motion pairs with corre-

sponding music/edit descriptions. To further advance multi-

turn editable dance generation, we extend DanceRemix

to DanceRemix-X. By transforming dance pairs, we also

construct three-level edit descriptions representing different

granularities. For more details, please refer to the supple-

mentary materials.

Implementation Details: We set the motion and music

sequence length to 5 seconds, namely N = 150 frames.

Additionally, we apply first-frame canonicalization to en-

sure that the motions face the same direction and have

identical initial global positions, similar to the approaches

in [3, 30]. Temporally, our DanceEditor synthesizes the 5-

second dance motions including 24 joints in practice. Each

joint is converted to the 6D rotation representation [55] for

better modeling in the experiments.

In the initial prediction stage, we set λsimple = 10, em-

pirically. The total diffusion time step is 1, 000 with the

cosine noisy schedule [26]. The initial learning rate is set

as 1 × 10−4 with AdamW optimizer. Our model is trained

on 8 NVIDIA H800 GPUs with a batch size of 128. The

total training process takes a total of 250 epochs, account-

ing for 1 day. During the following editing stage, we train

the CEM module with a batch size of 96 for 200 epochs.

The initial learning rate is set as 1 × 10−5. We take the

DDIM [38] sampling strategy with 50 denoising timesteps

for inference.

Evaluation Metrics:

• FID: We compute the Fréchet Inception Distance (FID)

using features extracted from an independently trained

motion autoencoder, following previous works [5, 18,

22]. A lower FID indicates that the generated dance mo-

tion better matches the ground truth distribution.

• BAS: The Beat Alignment Score (BAS) measures the

temporal alignment between music and dance by calcu-

lating the correspondence of music beats with sequence

movements. The higher score means the better music-

dance rhythmic alignment.

• Diversity: The Diversity score measures the distance be-

tween generated motion features conditioned on different

music inputs. The higher score means the better diversity

of generated results.

• PFC: The Physical Foot Contact (PFC) score evaluates

the plausibility of dance movements based on hip accel-

eration and foot velocity, where a lower score signifies

more realistic foot-ground contact.

• Motion-Editing Text Align Score (MEAS): Inspired by

[20], we measure the distance between dance motion

pairs and editing texts using a custom-trained CLIP-based

model. A lower score indicates better alignment between

the edited dance and the editing descriptions.

4.2. Quantitative Evaluation

Comparisons with SOTA Methods: To the best of

our knowledge, we are the first to explore iterative, ed-

itable music-driven dance generation with open-vocabulary

descriptions. To thoroughly validate the superiority of

our method, we retrain various state-of-the-art (SOTA)

Music-to-Dance (M2D) approaches on our DanceRemix

dataset setting. For diffusion-based methods—EDGE [46],

Lodge [19], and POPDG [25]—as well as VQ-VAE models

like TM2D [10], we leverage the official implementations

and adhere to the published hyperparameter configurations.

As shown in Table 2, we adopt the FID, BAS, Diver-

sity, and PFC for a well-rounded view of comparison. Our

DanceEditor outperforms all the competitors by a large mar-

gin on the DanceRemix dataset. Remarkably, our method

even achieves more than 21% (i.e., (3.57 − 2.83)/3.57 ≈
21%) improvement over the sub-optimal counterpart in

FID. We observe that both Lodge [19] and ours synthe-

size the authority dance motions with much higher diver-

sity than others. This is because both benefit from the two-

stage paradigms, which separately focus on music-aligned

global dance patterns and highly effective local dance qual-

ity. However, Lodge shows lower performance on FID

due to its lack of learning fine-grained dance transforma-

tions from given sequences to similar ones. In terms of

BAS, our method achieves much better results than other

counterparts. This strongly aligns with our insight into the

prediction-then-editing paradigm and CEM, which encour-
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Table 3. Ablation on Prediction-then-Editing Paradigm. ↑ denotes

the higher the better, and ↓ indicates the lower the better.

Models
DanceRemix Dataset

FID ↓ BAS ↑ Diversity ↑ MEAS ↓
Ours (Initial) 2.83 0.2560 3.12 �
Ours (Iteration #1) 2.85 0.2553 3.16 0.784
Ours (Iteration #2) 2.91 0.2541 3.23 0.786

Ours (Iteration #3) 3.04 0.2524 3.35 0.793

Table 4. Ablation on Cross-modaliy Editing Module. ↑ denotes

the higher the better, and ↓ indicates the lower the better.

Models
DanceRemix Dataset

FID ↓ BAS ↑ Diversity ↑ MEAS ↓
w/o Editing Brach 3.95 0.2514 2.32 1.351

Editing Branch w/o CEM 3.68 0.2537 2.69 1.024

DanceEditor (full version) 2.85 0.2553 3.16 0.784

ages our model to further learn the local variations of tem-

poral motions and their interactions with music beats and

rhythms.

Additionally, our method achieves a significantly lower

PFC compared to others, indicating more physically realis-

tic motions.

We further evaluate our method on the POPDG dataset,

with the results presented in Table 2. These findings further

validate the superiority of our proposed method.

Ablation Study: Here, to evaluate the effectiveness of our

proposed prediction-then-editing paradigm and CEM Mod-

ule, we conduct extensive ablation studies separately.

Ablation on Prediction-then-Editing Paradigm: To ver-

ify the effectiveness of our proposed prediction-then-editing

paradigm, we formulate the ablation on multi-turn iterative

editing, and the results are reported in Table 3. Given a

period of music signals, our framework enables the gener-

ation of high-quality sequences while preserving harmonic

rhythm with the beat of the music. The initial prediction

is produced directly by the generation branch from music

signals. Then, we integrate the initial prediction with the

corresponding music & text editing prompts into the edit-

ing branch to synthesize the editable dance movements (i.e.,

denoted as Iteration #1). The subsequent iterations are gen-

erated in a similar way. The results demonstrate that our

prediction-then-editing paradigm effectively promotes the

framework to model the dance movements in a carefully

learned joint distribution space.

In particular, with continuous iterative editing, the per-

formance of our model always tends to a stable state. The

metrics Diversity clearly attain much better results than the

initial ones. This indicates that the editing text prompts in

our dataset significantly facilitate the framework to learn

prolific dynamic features. The MEAS metric slightly de-

creases due to minor motion shifts from the previous edit-

ing iteration, but the overall visual quality remains excel-

lent. Although the FID displays slightly worse scores than

the initial ones due to the sampled open-vocabulary text

descriptions, our method still achieves the optimal result.

Meanwhile, we observe that the BAS scores still perform

better than the state-of-the-art counterparts. This applies

the effectiveness of our editing paradigm that can adap-

tively model the temporal dependency between the music

beats and iterative dance movements. Our prediction-then-

editing paradigm demonstrates a superior ability to generate

iterative editable dance motions with a unified framework.

Ablation on the CEM module: To further validate the ef-

fectiveness of our Cross-Modality Editing Module (CEM),

we conduct ablation studies to assess the necessity of the

editing branch and the effectiveness of CEM. Specifically,

we evaluate experimental settings where both music and

editing text are used as inputs to generate dance motions.

As reported in 4, we design three models for comparison:

(1) only the generation branch, (2) two branches without

the CEM module, and (3) DanceEditor with both predic-

tion and editing. The first two models use simple con-

catenation to fuse music and textual features. To be spe-

cific, the generation-only branch struggles to directly learn

the complex interactions between dance motions, music,

and text. As a result, implementing the model without an

editing branch leads to worse performance across all met-

rics. Meanwhile, our CEM brings significant improvements

across all metrics compared to the editing branch without

CEM. This demonstrates that CEM effectively enhances

the temporal dependency between music beats and iterative

dance movements, leading to vivid and coherent motions.

4.3. Qualitative Evaluation

Visualization: To showcase the superior performance of

our method, we present visualized keyframes from our

DanceEditor framework alongside other approaches on our

DanceRemix dataset. Unlike others, which generate dance

solely from music, our method showcases both the initial

prediction and iteratively edited dance motions As shown

in Figure 4, our method generates vivid and diverse dance

movements compared to others. Specifically, EDGE and

TM2D tend to produce stiff and unnatural results. While

Lodge generates relatively varied motions, it suffers from

foot drifting and abrupt changes. POPDG, though more

natural, lacks expressiveness. In contrast, our DanceRemix

not only generates natural and expressive dance movements

but also seamlessly edits motions while maintaining co-

herence with the edit instructions, aligning well with our

prediction-then-editing paradigm. For more visualization

demos, please refer to the videos available on our project

website.

User Study: To assess the quality of synthesized dance
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TM2D

EDGE

Lodge

POPDG

Iteration #1

Iteration #2

Iteration #3

Replace arm
rhythm with right
hand wave across
face, left hand
stays at waist.

Start with arms
extended, bend
elbows inward
while stepping
side to side.

Inital Pred.

Shift to punctuated
gestures, alternate
arms, lean forward.

Figure 4. Given the same music segments, the results generated by our DanceEditor framework and other SOTA comparison methods.

Figure (a)

Figure (b)

Figure 5. User study with dance naturalness, motion smoothness,

Motion-Editing Text Alignment, and motion transformation co-

herency on our dataset.

movements, we conducted a user study with 15 anony-

mously recruited participants from diverse academic back-

grounds. For each comparison method and our prediction

stage, we randomly selected two generated videos. Addi-

tionally, for our iterative editing results, we presented two

editing processes, each with an initial prediction and three

iterations. Each participant should watch 18 videos, each

lasting 5 seconds. They rated the dance results for the M2D

task based on naturalness and motion smoothness. For our

iterative editable dance generation, we introduced two addi-

tional evaluation criteria: edit prompt relevance and trans-

formation coherence. The visualized videos are randomly

selected, ensuring at least two samples per method. The

results, shown in Figure 5, are rated on a scale of 0 to 5

(higher is better). Our framework outperforms all competi-

tors, particularly excelling in smoothness, highlighting the

effectiveness of our prediction-then-editing paradigm. Even

after multiple editing iterations, edit prompt relevance and

transformation coherence decline only slightly, with CEM

ensuring motions remain well-aligned with the edit texts.

5. Conclusion

In this paper, we introduce DanceEditor, a novel frame-

work for iterative and editable dance generation coher-

ently aligned with given music signals. To fulfill this

goal, we first newly collect a large-scale multi-turn editable

dance dataset, DanceRemix, featuring over 25.3M dance

frames and 84.5K pairs. Along with this dataset, our ap-

proach generates vivid dance motions and enables coher-

ent editing guided by open-vocabulary descriptions. To fur-

ther capture the temporal synchronization of dance move-

ments w.r.t. multimodal conditions, we propose a Cross-

modality Editing Module that adaptively integrates the ini-

tial dance predictions with both music and texts to guide

edited dance genreation. Extensive experiments conducted

on DanceRemix show the superiority of our model.

Limitation Currently, we support only the generation and

editing of body movements in dance sequences. In the fu-

ture, we will explore semantic descriptions and editing of

facial expressions and gestures to create more expressive

and realistic dance performances coherent with music.
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