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Abstract. We present a music-driven dance video generation system
that introduces stochastic choreographic diversity via a cross-attention
DDPM in a PCA-whitened guidance latent space. PCA whitening com-
presses 320-channel spatial guidance to zguid ∈ R64 (97.6% variance),
providing a well-conditioned isotropic Gaussian prior. Rotary Position
Embedding (RoPE) with full bidirectional self-attention enables glob-
ally coherent motion without attention masks. On AIST++, our system
achieves 2D-BA= 0.380, surpassing the deterministic baseline (0.303)
and GT (0.327), with Div= 0.208 and MulDiv= 0.203 — 85% and 83%
of GT diversity respectively.
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1 Introduction

Generating photorealistic dance videos synchronized with music requires tem-
porally coherent body motion that captures both the rhythmic and stylistic
character of a given track. M2PE-DIFF [6] established a strong deterministic
baseline by mapping Jukebox [1] audio embeddings to a Pose Guidance tensor
that conditions a pose-guided LDM [12] (2D-BA= 0.303). However, its one-to-
one mapping produces the same choreography for every music input, limiting
creative exploration.

We propose a system that introduces stochastic diversity by replacing the de-
terministic mapping with a cross-attention DDPM in a PCA-whitened guidance
latent space, and adopts Rotary Position Embedding (RoPE) for full global self-
attention across all frames, enabling temporally coherent diverse choreography
from a single music input.

Our contributions are: (1) a PCA-whitened guidance latent space com-
pressing 320-channel guidance to 64-dimensional isotropic vectors (97.6% vari-
ance) for well-conditioned diffusion; (2) a cross-attention DDPM with RoPE
full attention jointly denoising guidance and keypoint latents for globally coher-
ent motion; and (3) inference-time structured initialization with SDEdit
that enables diverse choreography, achieving MulDiv= 0.203 (83% of GT) while
maintaining 2D-BA= 0.380.
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Fig. 1: Overview of the proposed M2DV-V1701 architecture. A frozen Jukebox en-
coder extracts music features, which are contextualized by a Transformer-based Music
Encoder and used as cross-attention memory throughout the Diffusion Step module. A
PCA-whitened joint latent ztotal = [zguid;zkp] is denoised conditioned on the diffusion
timestep t and music memory. The denoised latents are decoded into a Pose Guidance
tensor and a Keypoint Heatmap, which together drive a pretrained LDM to synthesize
the final dance video. Dashed boxes and red arrows indicate training-only components
(Lguid, Lheat, DDPM Loss).

2 Related Work

Early methods map audio to 3D pose sequences [3, 7, 11], requiring separate
rendering; M2PE-DIFF [6] instead generates the Pose Guidance tensor for a
video LDM [12] but is deterministic. MDM [10] and FLAME [2] apply diffusion
in 3D joint / VQ-VAE spaces; our PCA-whitened latent is derived analytically
(no learned encoder), ensuring isotropic Gaussian coverage. RoPE [9] replaces
hard attention masks with a soft distance bias; we adopt it for full bidirectional
attention in the DDPM decoder, enabling global temporal coherence.

3 Method

The system takes Jukebox [1] music features m ∈ RT×4800 and generates a Pose
Guidance tensor F̂ and keypoint heatmap Ĥ driving a fine-tuned LDM [6, 12].
As illustrated in Fig. 1, four components are trained jointly: a music encoder,
a PCA whitening module, a cross-attention DDPM with RoPE, and a spatial
decoder.
PCA-whitened guidance latent. Let Ft ∈ R320×64×64 be the Pose Guidance
frame. Spatial pooling (8×) and PCA whitening reduce each frame to

zguid = (F̄t−µ)V
Λ1/2 ∈ R64, (1)

retaining 97.6% of training variance. Whitening ensures unit-variance per di-
mension, so N (0, I) is a faithful diffusion prior. Keypoints are linearly scaled to
zkp ∈ R36; the joint latent ztotal = [zguid; zkp] ∈ R100 is the DDPM target.
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Music encoder. Jukebox embeddings are projected and contextualized by a 4-
layer Transformer encoder (d = 512, 8 heads) to yield per-frame music memory
eµ ∈ RT×512.
Cross-attention DDPM with RoPE. We adopt a cosine-schedule DDPM [5]
(Tdiff = 1000) with a 4-layer Transformer decoder. Each layer applies: (1) pre-
norm RoPE self-attention over all T frames — no window masks — so nearby
frames attend more strongly through cosine similarity of rotated Q/K vectors;
(2) pre-norm cross-attention to eµ; (3) pre-norm FFN. Inference uses DDIM [8]
with 50 steps and η = 0.0; drawing K independent seeds yields K diverse chore-
ographies.
Training objective. The loss combines noise prediction (Lddpm), guidance
reconstruction (Lguid), keypoint regression (Lkp), velocity smoothness (Lvel),
foot-contact penalty (Lfoot), and latent smoothness (Lsm). Music is randomly
dropped (p = 0.1) for classifier-free guidance. We train on 96 A100 GPUs (batch
384, AdamW LR= 1.5×10−4, BF16) for 40K epochs.
Inference-time distribution matching. DDIM sampling under strong con-
ditioning exhibits posterior variance collapse: per-dimension standard deviation
of DDIM samples is ∼2.6× smaller than GT for zguid and ∼3.6× for zkp. We
correct this with a per-dimension affine transform calibrated on a held-out set:

ẑd =
zd − µDDIM

d

σDDIM
d

· σGT
d + µGT

d , (2)

applied to both zguid and zkp. This restores GT-level latent variance without
retraining.

4 Experiments

Dataset and metrics. We evaluate on AIST++ [3] (1,020 sequences, 10 gen-
res), reporting on 710 test clips of 5 s at 15 fps. 2D-BA: Gaussian-weighted
(σ = 1 frame) alignment between librosa beat times and kinetic-energy peaks
over 18 OpenPose joints. Div/MulDiv : mean pairwise L2 across all / same-music
clips in normalized 18-joint space.
Implementation. At inference, the guidance latent of a randomly selected dif-
ferent dancer is used as a structured initialization; SDEdit [4] then adds noise and
restores music-conditioned structure via DDIM, enabling diverse choreography
while preserving beat alignment.
Results. Our method achieves 2D-BA= 0.380, exceeding both the deterministic
baseline (+25%) and the GT reference (0.327), confirming strong music synchro-
nization. Diversity reaches Div= 0.208 and MulDiv= 0.203, corresponding to
85% of GT diversity (0.245), demonstrating that the model generates varied
choreographies from the same music input. Fig. 2 shows qualitative examples
for a single music clip, confirming visually distinct choreographies across ran-
dom zguid initializations while maintaining coherent body motion.
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Table 1: Results on AIST++ (710 test clips). GT 2D-BA: mean over test clips. GT
Div: pairwise diversity of all GT clips.

Method 2D-BA↑ Div↑ MulDiv↑

GT (reference) 0.327 0.245 –
M2PE-DIFF [6] (det.) 0.303 0.000 0.000

Ours 0.380 0.208 0.203

GT GTz Rand 1 Rand 2 Rand 3 Rand 4

Fig. 2: Qualitative results for a single music input (click for full videos). GT: ground-
truth dancer sequence. GTz: our model initialized with the GT dancer’s guidance
latent zguid via SDEdit, preserving overall style while varying fine-grained motion.
Rand 1–4: four diverse choreographies generated from different-music donor latents as
random zguid initializations, each music-synchronized yet kinematically distinct. Top
row: rendered video frames; bottom row: pose-guidance heatmaps.

5 Conclusion

We presented a music-driven dance video generation system based on a cross-
attention DDPM in a PCA-whitened guidance latent space with RoPE full bidi-
rectional attention. PCA whitening provides a well-conditioned 64-dimensional
isotropic space for diffusion; RoPE enables globally coherent motion without
attention masks. On AIST++, our system surpasses the deterministic baseline
and GT in beat alignment (2D-BA= 0.380) while generating diverse chore-
ographies from a single music input. Structured SDEdit initialization achieves
Div= 0.208 and MulDiv= 0.203 (≈83% of GT), substantially closing the gap to
human-performed choreography.
Limitations. The PCA bottleneck may lose fine spatial detail. Extending to
in-the-wild data and learning disentangled latent axes (energy level, body-part
emphasis) for user control are directions for future work.
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