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ST-GDance: Long-Term and Collision-Free Group Choreography from Music
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Motivation Problem and Contribution

We 1dentify that the etficiency challenges in long-term group dance (Goal: Generate long-term, collision-free group dances from music

generation mainly stem from two factors: the quadratic complexity efficiently and coherently.

growth in transformers with respect to (1) temporal sequence length

(L?) and (2) the number of dancers (N?). Main Contributions:

RERRDEERR R RERREE * We propose ST-GDance, a novel spatial-temporal framework that
NIxI3 decouples group dance generation into spatial and temporal
NxL Attention over components, enabling lightweight and modular processing.
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Dance Sequence
(1) Group view: Extract group features by fusion different individuals,

1. Group Fusion — Aggregate multi-dancer motions
(2) Intra-group view: Spectral GCN, capture dynamic intra-group rela-

into a unified group representation to reduce tionships. B
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Quantitative and Qualitive Results
Experiments on GDance dataset. Qualitative comparison across different models.
Group Dance Single Dance Efficiency
Setting Method . FLOPs | Params Train Time Inf Time /R
GMR | | GMC1 | TIF| | FID| | Divi |PFC| coropol vy | /cpoch © 9
(min)
EDGE 7026 | 6224 | 042 | 3324 | 1011 | 3.07 | 1250 | 5213 | 0:24 8.59
GCD 3022 | 8022 | 0.19 | 3924 | 964 | 253 | 2769 | 62.16 | 1:04 4.75
Short-"\ - ancers | 2634 | 7422 | 010 | 2398 | 948 | 3.6 - - - - >
term ]
TCDiff 1536 | 8277 | 011 | 3731 | 14.01 | 0.51 _ _ - - g
ST-GDance | 1476 | 8124 | 0.1 | 2887 | 1283 | 097 | 675 | 5021 | 0:37 3.47 S
EDGE 7624 | 5986 | 057 | 4279 | 632 | 423 | 2320 | 53.83 1:02 35.59
Lodge 6732 | 6231 | 041 | 3019 | 931 | 321 | 1323 | 3837 | 0:46 25.93 "
<
It‘:lf‘i GCD 4264 | 6785 | 020 | 3242 | 894 | 395 | 3160 | 62.29 2:51 31.42 _g
CoDancers | 40.73 | 6822 | 0.14 | 3192 | 845 | 4.03 - _ _ g
ST-GDance | 31.76 | 7518 | 013 | 3021 | 1135 | 3.1 | 812 | 5035 | 1:25 17.84 =
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