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Background

Table 1: Comparison with the state-of-the-art audio-visual generation works, including but not limited
to motion-music generation.

Method Pub. Joint Generation Pretrain Long-Term Synthesis  Latent Space
Diff-Foley NeurIPS’23 X v X v
MM-Diffusion CVPR’23 v X X X
LORIS ICML’23 X X v X
D2M NeurIPS’ 19 X v X v
CDCD ICLR’23 X X v v
MoMu-Diffusion v v v v

Motion-to-Music and Music-to-Motion generations are separately researched.



Challenges

Table 1: Comparison with the state-of-the-art audio-visual generation works, including but not limited
to motion-music generation.

Method Pub. Joint Generation Pretrain Long-Term Synthesis  Latent Space
Diff-Foley NeurIPS’23 X v X v
MM-Diffusion CVPR’23 v X X X
LORIS ICML’23 X X v X
D2M NeurIPS’19 X v X v
CDCD ICLR’23 X X v v
MoMu-Diffusion v v v v

1. Maintain long-term coherence in typically lengthy motion-music sequences.
2. Ensure temporal synchronization and rhythmic alignment between motion

and music sequences.



BiCoR-VAE
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(a) Bidirectional Contrastive Rhythmic VAE (BiCoR-VAE)
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BiCoR-VAE
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(a) Bidirectional Contrastive Rhythmic VAE (BiCoR-VAE)

Sampling contrastive pairs:

C;S:re — Pmax(zgs . Z;e): C:;i:re — Pmax(zzi : Z:;‘; ) Q(rs : Te) — max(Q(rS) : Q(Te))’ (3)

Contrastive Loss for rhythmic alignment:
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Training Strategy for BiCoR-VAE
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1. The VAE presents a trade-off between representational fidelity and generative alignment,
posing optimization challenges.

2. Initially, we train the music VAE with a reconstruction loss, a KL loss, and a GAN loss to
prevent over-smoothing of the mel-spectrogram.

3. Then, we fix the trained music VAE and train the motion VAE with a reconstruction loss, a

KL loss, and the proposed contrastive rhythmic loss.



Cross-Modal Generation
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(b) Cross-Modal Generation (c) Multi-Modal Joint Generation

Training loss:

Liza = |leo, (2a(t),t, 2m) —€ll3,  Lazm = |l€6,, (2m (2), 8, 2a) — €l[3, (6)
Classifier-free guidance:

éo, (2a(t),t, 2m) = €9, (2a(t),t,0) + s - (eq, (2a(t),t, 2m) — €q, (2a(t), t, D)) (7)



Results: Motion-to-Music

Figure 3: Motion-to-music with generation

Table 2: Motion-to-music with beat-matching metrics. quality metrics: FAD/ and Diversity?.

Subset AIST++ Dance 40 -

Metrics BCSt CSD) BHSt HSD] Fi1t 35 A

Foley 96.4 6.9 41.0 150 575 301 “4— Diversity_LORIS

CMT 97.1 6.4 46.2 18.6 62.6 251 —— Diversity:Ours

D2MGAN | 95.6 94 88.7 19.0 93.1 20 - —k— FAD LORIS

CDCD 96.5 9.1 89.3 18.1 927 15 A —#— FAD_Ours

LORIS 98.6 6.1 90.8 139 94.5 10 1

Ours ‘ 97.5 5.2 98.6 2.8 98.1 e f’*\\'\_’

° DANCE FE25 FE50 FS25 FS50

Subset Floor Exercise-25s Floor Exercise-50s
Metrics BCStT CSD| BHST HSD| Fit ‘ BCST CSD| BHStT HSD| FiIt
Foley 36.0 36.2 32.3 30.7 34.1 32.6 38.0 284 32.5 30.4
CMT 46.4 30.1 57.4 29.8 513 | 423 32.0 53.8 31.7 47.4
D2MGAN | 45.3 27.7 58.7 30.1 51.1 41.9 29.2 54.7 32.7 47.5
CDCD 49.0 21.1 61.0 270 543 | 459 23.8 57.5 29.3 51.0
LORIS 58.8 19.4 67.1 21.1 62.7 | 54.7 21.6 63.8 24.5 58.9
Ours 66.6 14.3 76.9 19.1 714 | 62.7 24.0 68.1 20.2 653

Table 3: Results on the Floor Exercise dataset with beat-matching metrics.



Results: Music-to-Motion

Subset AIST++ Dance BHS Dance

Metrics BCSt CSD|/ BHStT HSD| Fi1t | BCST CSD| BHSt HSD| Fit
D2M 23.7 13.8 42.8 23.6 30.5 | 35.1 15.9 57.5 350 43.6
DiffGesture | 28.5 16.7 40.4 257 334 | 42.8 21.3 61.1 239 50.3
Ours 39.2 10.2 56.3 12.0 46.2 | 47.9 8.4 78.5 12.1 59.5

Table 5: Results on the AIST++ Dance and BHS Dance datasets with beat-matching metrics.

Subset AIST++ Dance BHS Dance

Metrics FID| Diversity? Mean KLD| | FID| Diversity} Mean KLDJ
D2M 17.3 46.2 14.5 11.6 55.9 7.4
DiffGesture | 18.6 37.1 12.6 13.8 38.9 7.0
Ours 7.3 52.7 4.9 6.5 67.4 4.2

Table 6: Results on the AIST++ Dance and BHS Dance datasets with generation quality metrics.



Results: Ablations

Music Metrics | Motion Metrics
Id | Method FAD| F11 |FID, FIt
#1 | Ours w/ Directional Vectors 10.9 914 | 14.7 38.0
#2 | Ours w/o Mel-spectrogram 128 956 | 95 41.6
#3 | Ours w/o Rhythmic Contrastive Learning (RCL) 8.5 93.1 8.1 37.9
#4 | Ours w/o Diffusion Transformer (DiT) 11.0 958 | 11.6 414
#5 | Ours (Joint Generation) 8.1 96.5 8.8 45.4
#6 | Ours (Joint Generation& Variable Length) 9.1 97.6 8.5 49.6
#7 | Ours (Cross Generation) 8.9 98.1 7.3 46.2

Table 7: Ablation study on motion-to-music and music-to-motion generations. We use the FAD/FID
as the quality assessment and the F1 score as the beat-matching assessment.
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