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Abstract. Music-driven dance video generation aims to synthesize ex-005 005

pressive human motion that is temporally aligned with music while main-006 006

taining high visual fidelity. Despite recent progress, existing methods still007 007

struggle to generate dance videos that simultaneously exhibit expressive008 008

motion and high visual quality. This limitation primarily arises from two009 009

factors: (1) Dataset. The lack of large-scale and high-quality datasets010 010

and effective data collection pipelines specifically tailored for dance video011 011

generation; and (2) Method. The absence of principled framework-level012 012

solutions for effectively integrating music as a complementary condition-013 013

ing signal into the Video Generation Foundation Models. To address the014 014

dataset limitation, We introduce CIPE-Dance, a large-scale Internet-015 015

sourced dance video dataset, equipped with Choreograph Informed text016 016

annotations and constructed via a Progressive Expert pipeline. To the017 017

best of our knowledge, CIPE-Dance is the largest dataset for dance018 018

video generation to date, comprising 300k high-quality clips (over 400019 019

hours) and covering diverse dancers, environments, and dance genres. To020 020

overcome the method limitation, we propose OmniDance, a framework-021 021

level recipe for integrating music into a TI2V foundation model without022 022

sacrificing its original controllability or visual fidelity. Motivated by the023 023

complementary roles of text (low-frequency semantics) and music (high-024 024

frequency temporal dynamics), OmniDance co-designs a depth-aware025 025

specialization model architecture, an anchored easy-to-hard curriculum026 026

learning strategy, and modality-specialized time-dependent CFG strat-027 027

egy, achieving unified TI2V/MI2V/MTI2V generation. Extensive exper-028 028

iments on the CIPE-Dance dataset demonstrate that OmniDance029 029

achieves state-of-the-art performance across TI2V, MI2V, and MTI2V030 030

tasks, while exhibiting robust multimodal integration capability.031 031

Keywords: Dance Video Generation · Digital Human · AI for Art032 032

1 Introduction033 033

Dance is a vital part of human culture: through choreographed movement,034 034

dancers communicate emotion and narrative intent while showcasing the beauty035 035

of human motion [3, 33]. In the internet era, dance videos have become a dom-036 036

inant form of visual content on platforms such as YouTube and TikTok, and037 037
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(b) Text-Image-to-Video (TI2V) (c) Music-Image-to-Video (MI2V)(a) Music-Text-Image-to-Video (MTI2V)

Fig. 1: Given a reference image, OmniDance supports multimodal driven dance video
generation, including music only (MI2V, right), text only (TI2V, middle), and both
(MTI2V, left). OmniDance not only preserves identity and visual fidelity, but also
produces artistically expressive and music-aligned motion.

recent advances in AI-generated content (AIGC) have made high-fidelity video038 038

synthesis increasingly accessible [4,5,40]. Crucially, dance is jointly governed by039 039

semantic intent (e.g., style and choreographic goals) and musical structure (e.g.,040 040

rhythm, tempo, and energy evolution) [37], motivating multimodal-driven dance041 041

video generation under text, music, and their combination.042 042

In recent years, substantial progress has been made in several dance video–related043 043

research directions, including talking head generation [19,21,22], pose-driven im-044 044

age animation [12,24], and music-driven 3D dance generation [23,26]. However,045 045

talking head generation does not model the tight correspondence between audio046 046

and full-body motion [8, 20], pose-driven image animation overlooks the cen-047 047

tral role of music in dance composition [10, 31]s, and music-driven 3D dance048 048

generation is typically trained on small-scale datasets, ultimately constraining049 049

their motion generation capacity and generalization to diverse in-the-wild set-050 050

tings [34, 35]. Despite growing interest, progress in music-driven dance video051 051

generation remains limited. Early works [6, 18, 25] first predict 2D keypoints052 052

from music and subsequently drive image-based animation, while others [28,38]053 053

instead infer 3D SMPL parameters and render image animations accordingly.054 054

Moreover, [9,29] introduce end-to-end diffusion-based generation pipelines. How-055 055

ever, existing methods still struggle to generate dance videos that simultaneously056 056

exhibit expressive motion and high visual quality, primarily due to two factors.057 057

(1) Dataset. The lack of large-scale open datasets and effective data collection058 058

pipelines specifically tailored for dance video generation. (2) Method. The ab-059 059

sence of principled framework-level solutions for effectively integrating music as060 060

a complementary conditioning signal into Video Generation Foundation Models,061 061

which are trained without audio supervision.062 062

To tackle the dataset limitation, we firstly develop a Progressive Expert-Based063 063

Data Collection Pipeline. To improve computational efficiency, we adopt a pro-064 064

gressive easy-to-hard strategy. For simple task, a lightweight verification expert065 065

(Qwen3-VL-2B [2]) is sufficient to directly predict positive cases. For more com-066 066

plex scenarios, we employ multiple heavier filtering experts (Qwen3-VL-8B [2])067 067

to inversely identify and eliminate common failure modes (i.e., negative cases).068 068

Specifically, the pipeline consists of the following six stages: (1) Popular Cre-069 069
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ator Mining, (2) Visual quality verification, (3) Reference clarity verification,070 070

(4) Dance video verification, (5) Single-dancer filtering, and (6) Scene stabil-071 071

ity filtering. Secondly, we adopt Choreograph Informed Text Annotations, under072 072

which each video is annotated from five complementary choreography-informed073 073

aspects using Qwen3-VL-32B [2]: (1) Body Dynamics, (2) Choreographic Con-074 074

tent, (3) Expressiveness, (4) Camera Presentation, (5) Overall Look. Finally, we075 075

propose CIPE-Dance, the large-scale Internet-source dataset, equipped with076 076

the Choreography Informed annotations and constructed by the Progressive077 077

Expert pipeline. To the best of our knowledge, the CIPE-Dance dataset is078 078

currently the largest open-source dataset for dance video generation, comprising079 079

approximately 300k clips (over 400 hours) and covering diverse dancer demo-080 080

graphics, performance environments, and over 30 dance genres.081 081

To address the methodological limitation, we propose OmniDance, a uni-082 082

fied framework that supports multimodal driven dance video generation (TI2V,083 083

MI2V, and MTI2V), as shown in Fig. 1. OmniDance effectively inject music084 084

conditioning into a Video Generation Foundation Models, without compromis-085 085

ing its original capabilities, through a three-level design. (1) Model Archi-086 086

tecture. Built upon WAN2.2-TI2V-5B [27], we augment each DiT block with087 087

an additional music cross-attention layer. Motivated by the depth hierarchy of088 088

DiT models—where shallow layers capture low-frequency global structure and089 089

deeper layers refine high-frequency details—we design a Music-Text Progressive090 090

Specialization scheme: shallow layers emphasize text conditioning to establish091 091

semantic layout, while deeper layers progressively strengthen music conditioning092 092

to refine rhythm-aware motion dynamics via the audio residual. (2) Training093 093

Strategy. We adopt an Easy-to-Hard Curriculum Learning Strategy to extend094 094

the pretrained TI2V model toward unified TI2V, MI2V, and MTI2V genera-095 095

tion while preserving its original text/image controllability and visual fidelity.096 096

In Stage I, OmniDance is trained exclusively on TI2V to adapt the model to097 097

dance-specific textual descriptions. In Stage II, a music branch is introduced,098 098

and OmniDance jointly performs TI2V and MTI2V, enabling music under-099 099

standing under text guidance. In Stage III, OmniDance is trained on all three100 100

tasks—TI2V, MI2V, and MTI2V—allowing the model to generate dance videos101 101

solely from music when text is absent. (3) Inference Strategy. For classifier-102 102

free guidance (CFG), we propose a Modality-Specialized CFG that progressively103 103

shifts the guidance emphasis from text to music along the sampling trajectory:104 104

text dominates early steps to establish global semantics, while music becomes105 105

increasingly influential at later steps to refine rhythm-aware motion dynamics.106 106

In conclusion, our contributions are as follows: (1) We introduce CIPE-107 107

Dance, the largest dance video generation dataset to date, equipped with chore-108 108

ography informed text annotations and constructed via a progressive expert109 109

pipeline. (2) We propose OmniDance, a three-level co-designed framework (ar-110 110

chitecture, curriculum learning, and modality-specialized inference) for injecting111 111

music conditioning into TI2V foundation models while preserving controllability112 112

and visual fidelity. (3) We unify TI2V, MI2V, and MTI2V in a single model113 113

(OmniDance), enabling seamless modality switching at inference time without114 114
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training or maintaining separate generators. (4) We conduct extensive experi-115 115

ments on the CIPE-Dance dataset, demonstrating the state-of-the-art (SOTA)116 116

performance of OmniDance on TI2V, MI2V, and MTI2V generation, together117 117

with its robust multi-modal integration capability.118 118

2 Related Work119 119

2.1 Human Motion Generation120 120

Human motion generation has advanced rapidly in recent years and is closely121 121

related to dance video generation, particularly in pose-driven image animation,122 122

talking head generation, and music-driven 3D dance generation. (1) Pose-123 123

driven image animation. Pose-driven image animation utilizes 2D keypoints124 124

to generate motion videos, achieving notable advances [7,12,24]. However, these125 125

methods overlook the fact that music constitutes the structural backbone of126 126

dance. Generating dance motions by choreographing pose sequences from mu-127 127

sic—rather than animating pre-specified poses—represents a substantially more128 128

valuable and challenging problem. (2) Talking head generation. Talking head129 129

generation employs audio features to generate vivid and lip-synced videos, also130 130

achieving significant breakthroughs [20–22]. However, these approaches fail to es-131 131

tablish a principled correspondence between audio signals and full-body motion,132 132

even though such alignment is essential for the aesthetic expression of dance.133 133

(3) Music-driven 3D dance generation. Music-driven 3D dance generation134 134

aims to synthesize full-body motion from music [11,15,32,36] However, most ex-135 135

isting 3D dance methods are developed on relatively small-scale datasets (e.g.,136 136

FineDance—the largest publicly available 3D dance dataset to date—contains137 137

only approximately 8 hours of motion), which ultimately constrains their motion138 138

generation capacity and generalization to diverse in-the-wild settings.139 139

2.2 Music-Driven Dance Video Generation140 140

Finally, research on music-driven dance video generation remains limited and can141 141

be broadly categorized into three paradigms: 2D keypoint–based generation, 3D142 142

SMPL-based generation, and end-to-end video generation. (1) 2D keypoint-143 143

based generation. X-Dancer [6], M2PE-Diff [18], and STG-Mamba [25] first144 144

predict 2D keypoints from music and then drive image-based animation, but145 145

they remain challenged by limb occlusions and complex full-body locomotion in146 146

dance videos. (2) 3D SMPL-based generation. ChoreoMuse [28] and MACE-147 147

Dance [38] instead infer 3D SMPL parameters and render image animation ac-148 148

cordingly. However, the high cost of acquiring 3D supervision keeps existing 3D149 149

dance datasets small in scale, limiting the diversity and fidelity of the learned mo-150 150

tion patterns. (3) End-to-end generation. DabFusion [29] and MuseDance [9]151 151

introduce end-to-end generation pipelines; however, they do not effectively lever-152 152

age Video Generation Foundation Models, resulting in in-the-wild outputs with153 153

limited motion expressiveness and degraded visual appearance.154 154
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Fig. 2: Overview of the Progressive Expert-Based Data Collection Pipeline.

In conclusion, existing methods still struggle to generate dance videos that155 155

simultaneously exhibit expressive motion and high visual quality. This limitation156 156

primarily arises from two factors: (1) Dataset. The lack of large-scale and high-157 157

quality datasets and effective data collection pipelines specifically tailored for158 158

dance video generation; and (2) Method. The absence of principled framework-159 159

level solutions for effectively integrating music as a complementary conditioning160 160

signal into Video Generation Foundation Models, which are trained without161 161

audio supervision.162 162

3 Dataset163 163

3.1 Data Collection164 164

To address data quality challenges in large-scale web-crawled dance video collec-165 165

tion, we develop a Progressive Expert-Based Data Collection Pipeline, as shown166 166

in Fig. 2. To improve computational efficiency, the pipeline adopts a progressive167 167

easy-to-hard data filtering strategy. For simple cases, a lightweight verification168 168

expert is sufficient to directly identify positive samples. For hard scenarios, we169 169

employ multiple moderately heavier filter experts to inversely identify and elim-170 170

inate common failure modes (i.e., negative samples). Specifically, the pipeline171 171

consists of the following stages. (1) Popular Creator Mining. We collect172 172

all publicly available videos from approximately 500 dance content creators on173 173

Douyin or TikTok. Creators are required to have more than 50K followers, serv-174 174

ing as a proxy for content quality and production standards. To ensure popular-175 175

ity, we restrict the dataset to videos published after 2018. The collected videos176 176

are segmented into 5-second clips at 16 FPS for downstream processing, result-177 177

ing in a total of 630k clips. (2) Visual quality verification. To ensure visual178 178

fidelity, we apply VBench [14] for quality filtering. We retain only clips with179 179

image quality (IQ) scores above 60.00 and aesthetic quality (AQ) scores above180 180

50.00, removing samples with low visual fidelity, decoding artifacts and visual181 181

clutter. This filtering rule preserves 96.76% of the collected clips. (3) Reference182 182

clarity verification. The first frame of each clip is treated as the reference im-183 183

age. We apply Qwen3-VL-2B [2] to automatically assess human subject visibility.184 184

The prompt explicitly specifies low visibility, back-facing poses, and missing fa-185 185

cial cues as negative cases to filter out ambiguous or unclear references. After186 186

filtering, 81.45% of the clips remain. (4) Dance video verification. We ap-187 187

ply Qwen3-VL-2B [2] to perform automatic dance content classification. The188 188

prompt defines talking, posing, and static motions as negative conditions to189 189



6 ECCV 2026 Submission #5047

Fig. 3: Dataset analysis. (Left) Display of typical annotations; (Middle) Dance genre
distribution from a random sample of 400 entries; (Right) Word cloud summarizing
the caption content.

�lter out ambiguous clips. This �ltering step retains 89.24% of the clips. (5)190 190

Single-dancer �ltering. Directly detecting single-dancer videos is non-trivial.191 191

Instead, we identify and remove three representative negative scenarios using192 192

Qwen3-VL-2B [2]: (i) group dance videos (e.g., duet or multi-person perfor-193 193

mances), (ii) follow-along imitation videos where a dancer replicates movements194 194

from an overlaid reference clip, and (iii) mirror-re�ection artifacts commonly195 195

observed in studio settings, where re�ections create the appearance of multi-196 196

ple performers. These three �ltering criteria retain 80.35%, 97.02%, and 95.57%197 197

of the clips, respectively, resulting in an overall retention rate of 74.45%. (6)198 198

Scene stability �ltering. To address complex scene dynamics, we apply two199 199

Qwen3-VL-8B [2] models to remove representative negative scenarios: (i) abrupt200 200

scene or subject transitions (e.g., sudden changes from one scene or subject to201 201

another), (ii) aggressive camera motion characterized by discontinuous or jittery202 202

movements. These two �ltering criteria retain 93.95% and 97.55% of the clips,203 203

respectively, resulting in an overall retention rate of 91.65%.204 204

3.2 Data Annotation205 205

To better adapt the dataset to dance video generation, we adopt Choreography-206 206

Informed Text Annotations. Fig. 3 shows an example. Under this scheme, each207 207

video is annotated by Qwen3-VL-32B [2] from �ve independent yet complemen-208 208

tary choreography-oriented aspects: (1) Body Dynamics. Describes the con-209 209

crete, moment-to-moment actions and body mechanics, including which body210 210

parts move and how (e.g., arm swings, hand waves, and hip isolations). (2)211 211

Choreographic Content. Summarizes the dance-level semantics of the chore-212 212

ography, including the dance genre/style (e.g., popping, hip-hop, jazz funk)213 213

and characteristic movement vocabulary or techniques (e.g., tutting, waving,214 214

Thomas �air). (3) Expressiveness. Characterizes the overall emotional expres-215 215

sion and performance intent conveyed by the dancer (e.g., joyful, playful, con�-216 216

dent, melancholic), re�ected through facial expression, posture, energy, and at-217 217

titude. (4) Camera Presentation. Describes shot composition, camera move-218 218

ment, and framing strategies that in�uence visual perception of the dance. (5)219 219

Overall Look. Summarizes appearance attributes (e.g., clothing, styling) and220 220

environmental context that contribute to visual semantics.221 221
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Fig. 4: Overview of OmniDance: music�text progressive specialization model architec-
ture, curriculum learning training strategy, and modality-specialized inference strategy.

3.3 Data Statistic222 222

Finally, we present CIPE-Dance, a large-scale Internet-sourced dataset con-223 223

structed via the Progressive Expert pipeline and equipped with Choreography-224 224

Informed annotations. To the best of our knowledge, CIPE-Dance is currently225 225

the largest open-source dataset for dance video generation, containing approxi-226 226

mately 300K clips (over 400 hours of video content). See Fig. 3 for dataset analy-227 227

sis. Beyond scale, CIPE-Dance provides comprehensive coverage across multiple228 228

orthogonal dimensions: (1) Genre Diversity. The dataset spans over 30 dance229 229

genres, exhibiting a naturally long-tailed distribution that re�ects real-world230 230

choreography trends. (2) Environmental Diversity. Videos are collected from231 231

diverse real-world settings, including studios, stages, streets, and home environ-232 232

ments, covering substantial variation in lighting and background complexity. (3)233 233

Performer Diversity. CIPE-Dance features performers with diverse appear-234 234

ance attributes and performance styles, spanning professional stage recordings235 235

and casual social-media videos. (4) Motion Complexity. Choreography ranges236 236

from rhythm-driven groove patterns to highly dynamic sequences involving large237 237

body displacement, jumps, and rapid limb articulation. (5) Camera Variabil-238 238

ity. Clips include diverse viewpoints and framing styles (e.g., static, handheld,239 239

mild panning), while stability �ltering ensures consistent identity and minimal240 240

abrupt transitions. For evaluation, we randomly sample 100 clips from CIPE-241 241

Dance that are excluded from the training set to form a test split.242 242

4 Methodology243 243

4.1 Overview244 244

To e�ectively integrate music conditioning into a Video Generation Foundation245 245

Model without degrading its original generative capabilities, OmniDance intro-246 246

duces a three-level design: (1) a music�text progressive specialization model ar-247 247

chitecture, (2) an easy-to-hard curriculum training strategy, and (3) a modality-248 248

specialized inference strategy. Moreover, OmniDance uni�es TI2V, MI2V, and249 249

MTI2V generation within a single multimodal framework, as shown in Fig. 4.250 250
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