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CCS CONCEPTS

« Computing methodologies — Neural networks;
Multi-task learning;

e Applied computing — Media arts.

* ACM Computing Classification System (CCS)
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MOTIVATION

Music and dance are intimately connected.

« Themes and emotions manifest auditorily as melodies and rhythms for music and
visually as body movements for dance

Recent work have explored Al generation of dance choreographs from
music.

This Paper propose to concurrently tackle the dual task, i.e. composing
music for dance.

Leverage dual learning to enhance the modeling of each task
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CHALLENGES

« Cross-domain generation

« Creativity and diversity in generated music and dance sequences
« Consistency between music and dance
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" APPROACH

A high-level overview of the pipeline.
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Input Music Generated
X; Dance ;

Gp-m

Dual Learning with CUclE Consistent
Gromov Wasserstein y y

Gpr—p
Generated

Input Dance
Dance y;

Vi

The two generative networks:
GM—D (music-to-dance choreography)

GD—M (dance-to-music composition)

in this framework comprise a sequence-to-sequence architecture where
the encoder and decoder are both transformer networks



For data preprocessing, we extract MFCC, chroma lN P JT DATA/S l G NAL
and beats features from the music waveform raw D R E P R O C ESS | N G

data, and represent the dance sequence as pose
and franslation parameters in the SMPL model

MFCC & AMFCC

Chroma Music
Beats Features

SMPL Parameters Pose
Features

3D Human Body Modeling: SMPL ( Skinned Multi-Person Linear) Model

MFC & RS8R Bafat T nl DIE S —aH e DR ILE 285t 2 E15EEE (Cepstral)
MFCC: Mel-Frequency Cepstral Coefficients AR (#3245
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CHROMA & BEATS

Chroma Beats

BEATS iz HrEadasst ¢
FihEE R Context and Genres
3 Beats(Z1F):ERE%EXiE Waltz Family

2 Beats(—{5F):#ETHIzxEE March Family

Time (seconds)

(a) Musical score of a C-major scale.

(b) Chroma =& obtained from the score.

(c) Audio recording of the C-major scale played on a piano.
(d) Chromagram & E &z obtained from the audio recording.



Dataset

Dance Genre
Rumba

Cha Cha
Tango

Waltz

Break Dance

House
Ballet Jazz
Street Jazz
Krump

Summary

# of Sequences _!# Frames

10|

20950
20425
49165
43298

46526

| 40050

LA Style Hip Hop

Lock

Middle Hip Hop
Pop
Waack

47727
47920
47534

48323
47388

48276
46749
47355

DATASET

From Tang et al. (2018). Dance sequences
are longer at around 150 sec.
Reparameterized in SMPL pose parameters.

From Li et al. (2021). Dance sequences
generally range from 8 to 12 sec.



MFCC & AMFCC
Chroma
Beats

SMPL Parameters

Music

Features .
Reconstruction Loss

Lx(x;, %) + Ly (yi, Vi)
Pose Cycle Consistency Loss
Features Ly (xi, X;) + Ly (yi, Vi)
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1
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|

Input Music Generated
X; Dance y;

Dual Learning with
Gromov Wasserstein

Input Dance

Vi

GD—>M

Cycle Consistency

Gry-p
Generated
Dance y;
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RELATED FUNCTIONS

= Initial Stage: Gromov Wasserstein Loss

= Reconstruction Loss

LX(xiifi) 23 L'y(yiiyvi )

= Posterior Stage: Cycle Consistency Loss
Lo (xi, %) + Ly (i, Vi)




ENCOER/DECODER FRAMEWORT

Gromov Wasserstein Loss Optimization Minimize discrepancy between
Backpropagation Updates of Ency,_,p intra-space distances

= = =

Input Music
Xi

Encyp

e/ MEFE SR

Input Dance

In optimizing for the Gromov-Wasserstein 10ss,
the EncM—D network parameters are updated,
re-positioning the music embedding vectors {z x i } 4 i=1
such that the discrepancy between intra-space distances is minimized
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« Comparsion of Dance Generated by Different Methods R ES U L.I.
« Same Music Input and Same Initial Pose for Cha Cha

Tang(2018) Ren(2020)

T B

Huang(2021)

1 P




SAMPLE GENERATED MUSIC




« Quantitative Resulfs
« Comparing Different Method for Dance Generation

RESULTS

Method ’ Frechet Distance Diversity  Beats Alignment (%)

Ground Truth - | -
Tang et al. (2018) 986.4 103

Ren et al. (2020) 1526.3 48.2

Huang et al. (2021) 384.2 | 3l
Ours | 1405 | 498

NOTE:Fréchet FEREE 4R < AU E S

68.7

31.2

49.5
62.3
64.5
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CONCULSION

« Simultaneously learn music-to-dance and dance-to-music generation

« Cross domain sequence-to-sequence learning setting

« Gromov Wasserstein objective for aligning music and dance embeddings
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WHAT | LEARN/GET?

« Art Model learning simulate human with Multiple-Sense
* Music vs Movement
* Music vs Emotion
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