FreeDance: Towards Harmonic Free-Number Group Dance Generation via
a Unified Framework

A. Overview

The supplementary material includes the subsequent com-
ponents.

¢ Details of Methodology and Experiment.

- Insights for motion token residual.

- Auxiliary losses.

- Explanation on the evaluation metrics.
» Additional Visualization Results

- Visualization of the ablation studies.

- Results of extending the maximum person number to 5.
¢ Demo Page and Demo Video

B. Details of Methodology and Experiment

B.1. Insights for motion token residual

We introduce the motion token residual in Section 3.3 as the
key component to enhance the cross-modality alignment.

As defined in our Cross-modality Residual Alignment
Module (CRAM), motion residual is the successive subtrac-
tion of motion tokens along the temporal dimension. Unlike
in raw motion space, where consecutive frames sometimes
lack completeness and easily become jittering, motion to-
kens provide a temporally more compact alternation. The
residual of motion token is the difference of body parts dy-
namics, which is fundamentally the direction change in to-
ken map feature space. Tensors with smaller distances are
more likely to have closer semantic meaning, which, in our
case, is similar motion. Thus, the motion token residual in-
dicates the amplitude of movements, which is considered
more tightly correlated with music features.

B.2. Auxiliary losses

In Section 3.4, we mention the additional losses we used
for stage 2: masked token modeling training. It contains
the velocity loss L.}, the forward kinetics reconstruction
loss Ljoini, and the foot contact 10ss Leontace- Their definition
follows previous works [3, 8].
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Here, N represents the total frames in a motion sequence. n
denotes the temporal index of the frame. FK is the forward
kinematics operator. b™ is the binary foot contact label. We
utilize these auxiliary losses to further improve the smooth-
ness and naturalness of the decoded motions.

B.3. Explanation on the evaluation metrics

In Section 4.1, we briefly introduce the evaluation metrics
used for our quantitative analysis. After a board survey, we
found the same metrics (i.e., FID, Diversity) used in solo
dance, group dance, and motion generation communities
are not exactly unanimous. The main difference lies in the
motion feature extraction process. We introduce the reason
for our metric selection here, with the fundamental purpose
of faithfully modulating the data distribution.

* FID: Fréchet Inception Distance (FID) is a similarity
measurement for two distributions. Although quite a por-
tion of dance generation works use kinetics and geom-
etry features to define the distribution and report FIDg,
FID, results, we argue that these manually defined fea-
tures have relatively large information loss through the
feature extracting process. As mentioned in EDGE [8],
we also observe fluctuation of FID;, and FID, in the train-
ing process and a relatively low correlation between the
score and the visualization results. Therefore, we follow
Choreomaster [1], Dancing with Music [2] in dance gen-
eration, and Mmm [6] in the motion generation domain,
using the mixed AIST++ and AIOZ-GDANCE dataset to
train a motion auto-encoder. Then use this self-supervised
learning-based feature to calculate the distance between
ground truth and generated motion distributions.

* BAS: Beat Align Score measures the temporal alignment
of music and dance. We follow previous implementa-
tions [3, 4, 7], using Librosa [5] to extract the music beat
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Figure 1. Given the same music segments, the results generated by our full version framework versus ablation versions.

features and calculate the motion beat according to the
difference in joint positions between adjacent frames. A
higher score indicates better cross-modality synchroniza-
tion.

 Diversity: Diversity score is the distance between gen-
erated motion features conditioned on different music in-
puts. Similar to the FID calculation, we follow [1, 2, 6] to
use the same motion autoencoder as the feature extractor.
The more variation the generated dance has, the higher
the diversity score is.

* Wins: The Wins score reflects subjective user prefer-
ences in our study. We collect two sets of samples: one
generated by our FreeDance framework and the other
consisting of randomly selected samples from compari-
son methods. The results indicate the percentage of our
samples preferred by users.

C. Additional Visualization Results

C.1. Visualization of the ablation studies

We demonstrate the dance keyframes of our ablation stud-
ies. As stated in Section 4.2, we first show the effectiveness

of our 2D token map with the person-number-dependent
quantization strategy. The results in Figure | show the 1D
token map leads to slow and freeze motions. 2D token map
w/o person-number-dependent partition cannot avoid the
leakage of static pose to generated sample. We then show
the benefits of adding the Cross-modality Residual Align-
ment Module (CRAM) and Temporal Interaction Module
(TIM). CRAM improves the coherence between dance and
music conditions, preserving group harmony, while TIM in-
creases individual motion variation and group coordination.

C.2. Results of extending the maximum person
number to 5

Although our main experiment is conducted by setting
the maximum person number to three due to the unequal
person-number distribution of the dataset, our framework
can generalized to user-specified free-number dancers. We
also train our framework using one-person data from
AIST++ and two-to-five-person data from AIOZ-GDANCE
then show the dance key frames of four and five dancers in
Figure 2. Please further refer to the demo video for dynamic
visualization.
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Figure 2. The results of four and five dancers generated by our framework.

D. Demo Page and Demo Video

We provide a demo page (see the attached index.html file
in the demo_page folder), that presents a concise recap of
our framework. The page also includes an embedded demo
video, showing our framework design (0°00-0°44). The
video results of the comparison between our method and
other state-of-the-art approaches (0°44—1’33), the ablation
results (1’33-1°40), and the additional free-number results
generated by our framework (1°40-217).
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