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Music

0 The most widely enjoyed cultural content

0 Associated with various performing and creative activities

Music at KAIST

Source: http://times.kaist.ac.kr/news/articleView.html ?idxno=3835, http://times.kaist.ac.kr/news/articleView.html?idxno=3185



Music Listening

O Music streaming services
3 Digital audio: audio compression




Music Performance

0 Digital musical instruments: keyboard, DJ machine
3 Sound synthesis, digital audio effect




Music Composition and Production

0 Digital audio workstation (DAW)
3 Recording, MIDI sequencing, mixing, and mastering




Data and Processing

0 The role of computer is processing music data in a digital form to
accomplish a target task

3 Music data: audio, MIDI
3 Processing: recording/playback, sound synthesis, digital audio effect, audio

compression
3 Thecomputerdcugf "vgej] pkswgu" c tmgsicechnology &l v k



Digital Signal Processing

O Digital signal processing has been the primary computational method in

music technology
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Challenges and Opportunities in Music Listening

O Music at scale Spotify
3 Spotify: 100M tracks (2023) You
3 YouTube: 500 min videos upload per min (2022)
3 SoundCloud: 200M tracks (2019) MII""““.
0O Kv"dgeqgogu"xgt{"korgtvcpv"vag"uqt:.

for music search or personalized recommendation Cam




Content-based Music Analysis

O RcpfgtcXu"Owuke" 1l gpgog '
3 Annotate a track with about 450 music attributes :
Yy Il gptg. "kpuvtwogpvu. "vkod
3 Playlists are generated using the similarity
of music attribute vectors
3 Not biased by the popularity

Pandora Internet Radio

0 Problems

3 Takes 20-30 mins to annotate a single track by a music expert
3 The dictionary size of music attributes is fixed



O Audio-to-Text
3 Predict the musical attributes from audio

Classical

Bach

Solo

Melody




0 Multi-label classification
3 Supervised learning
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Music Tagging

0 Deep Learning

3 Mel-spectrogram + Convolutional Neural Networks (CNN)
3 The cross-entropy loss between the sigmoid output and the multi -hot vector
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Deep Learning for Audio-Based Music Classification and Tagging, Juhan Nam, Keunwoo Choi, Jongpil Lee, Szu-Yu Chou, and Yi-Hsuan Yang, IEEE SPM, 2018



Music Tagging

Arousing/Awakening

Carefree/Lighthearted

Cheerful /Festive

Happy

Positive/Optimistic

Very Danceable

Positive Feelings

Fast Tempo

Catchy/Memorable

Juhan Nam (2012)




Music Tagging

0 Deep Learning
3 Mel-spectrogram + Convolutional Neural Networks (CNN)
3 The cross-entropy loss between the sigmoid output and the multi -hot vector
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A fixed set of tags

Deep Learning for Audio-Based Music Classification and Tagging, Juhan Nam, Keunwoo Choi, Jongpil Lee, Szu-Yu Chou, and Yi-Hsuan Yang, IEEE SPM, 2018



Word Embedding

0 Mapping the tag labels to a dense semantic vector space
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Pretrained word embedding models are available
e.g. Word2Vec (CBOW, skip-gram), GloVe
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Audio Embedding

Audio Embedding
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Joint Text-to-Audio Embedding Learning

Audio Embedding

. Similarity Metric
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Zero-shot Learning for Audio-based Music Classification and Tagging, Jeong Choi, Jongpil Lee, Jiyoung Park, Juhan Nam, ISMIR, 2019



Demo: Queryby-Text

Query:

2t3L_kwd2tr [Query: ALHE]

ex) 2, =8, =, e, 228 of2I0|, Eju, FEIF, K=, 71, o, chill, 7|El, M=IL|0t:, 2EF, 0|E, edm, rock, 0IEEH,...

» (Click) 4HH0|%]

Click TrackID to play.

Time: 0.0118
TrackID Track_name

15408120  Auditions

7137130 Men's Health: Beach Body Workout
(Continuous Mix 1)

18433318 Jonas Blue : Electronic Nature - The
Mix 2017 (Continuous Mix)

23117757 My A (Answer)

1949450 Senior Year Spring Musical

6123890  HOIEM

21424501 Higher (Feat. Conrad Sewell)

7137208 Men's Health: Beach Body Workout

4 : s

Artist_name

[Sing Cast]

[Bebe Rexha, Chris Malinchak, G-Eazy, Daya, Snakehips, Yan Etchevary,
The Chainsmokers, Kygo, Filous, Lucky Rose]

[Jonas Blue]

28]
[The Cast Of High School Musical]
[3{LIF(HoneyChu)]

[Cedric Gervais]

[Dillon Francis, James Hersey, Denny White, Boehm, Usher, Fedde Le
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0.8860461711883545
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From Word Embedding to Large Language Model

0 We can convert the tag annotation into a rich sentence-level description

using LLM

3 Suggest more descriptive words

3 Conversational

—_—

Jazz, Happy, Piano,

: F Major, 130bpm
(Genre, Mood, Inst., Key,
' Tempo)

Human Annotation Association

The lively jazz genre in F

3 Major key at 130 BPM

tempo with happy, upbeat
piano melodies.

Text data augmentation by LLM



Music Captioning

0 Cross-modal encoder-decoder

Next-Token Prediction

-
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Figure 3. A cross-modal encoder-decoder architecture.

LP-MusicCaps: LLM-Based Pseudo Music Captioning, Seungheon Doh, Keunwoo Choi, Jongpil Lee, Juhan Nam, ISMIR, 2023



Music Captioning

LP-MusicCaps: LLM-Based Pseudo Music Captioning, ISMIR 2023 (to appear)

Generated Caption from Music Captioning Mod

Music and Audio Computing Lab, KAIST (2023)




Extending Joint Text-to-Audio Embedding Learning

0 Fine-tune an open-source LLM (LLaMA 2.0)

3 Use tags, LLMpowered caption, meta data (artist, track), similar artist
iInformation
3 Sentence-level text encoder: ROBERTa

Cosine Similarity

g B

| ¢ I Million Song Dataset | encoding 9(2't) ¢ Tag Annotation (Baseline)
.. . ! ) i funk, synthesizer bass,
Projection | [ Projection PHPIHDY o i1l e
I ' Audioset/MusicCaps J\%a z o
. . . D e LLMA ted Capt
Attention Pooling | | CLS Pooling i | N s funk ongeatures e moog
L J M——->Za, e synthesizer bass and the vocals.
I | ( Music4all B —_— The woodwind trumpet, and
usi YA sese saxophone were also performed
ResNet50 RoBERTa [ il I e e i
’ ‘ Rl A I N ey e
A from talking book.
| ;;'?'H*H.*‘“”Hm *'* S Za“l " || I | (N ::‘Tr_nf:ar:r‘fil.l::)rmaﬁon
‘ | | M ‘H ‘ ‘ I‘H \ M ‘I“ H | EDM for Party | Audio-Text Contrastive Learning LSlmllarw\mh herbie hancock.
Joint Emedding Model Fig. 2. Music Audio and Text Contrastive Learning Framework.

Enriching Music Descriptions with A Finetuned-LLM and Metadata for Text-to-Music Retrieval, Seungheon Doh, Minhee Lee, Dasaem Jeong, Juhan Nam, ICASSP, 2024



Query

funk song with female vocal,
similar with Herbie Hancock style
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Multimodal LLM

0 Llark (2024)

Raw Audio X Audlq Response R
a Embeddings ] __ i
This song is in the key of F minor. The
] tempo is 121.6 beats per minute (BPM).
——C Projection i - . -
Encoder ' (iained) —C. — As | listen to the music clip, | hear a string quartet playing in a
(frozen) | W lively and energetic manner. The piece begins with the violin
[ mn playing a rapid and virtuosic melody in the higher registers. The
notes played include F6, A#6, C7, and F5, creating an engaging
Language and spirited opening theme. [...] The interplay between the violin,
. Moc!el cello, and viola creates a rich and dynamic sound. [...]
Language Instruction Xq Text (Pre;:]admed
Embeddings | fine-tuned)
What are the key and . This composition is representative of the Baroque era in several
tempo of this song? ways. First, the use of counterpoint, a hallmark of Baroque music,
is evident in the interplay between the violin and cello. [...]
Describe the provided (mi - | Second, the harmonic structure of the piece, with its use of major
audio in detail. | W | and minor chords, reflects the tonal system that was prevalent
during the Baroque period. Finally, the fast tempo and the
How does this compaosition show typical o) _ auring que period. -ty ) i :
. intricate, ornamented melodic lines are typical of the energetic
characteristics of the Baroque era? ) . .
and highly expressive music of the Baroque era.

https://storage.googleapis.com/music2text-public/index.html

LLark: A Multimodal Instruction-Following Language Model for Music, Josh Gardner, Simon Durand, Daniel Stoller, Rachel M. Bittner, ICML, 2024


https://storage.googleapis.com/music2text-public/index.html

Challenges and Opportunities in Music Performance

0 Mobile apps for music performance become popular —"
3 Music education —
3 Practice or stage performance R
3 Entertainment and game : ' /4

O Gogtigpeg"gh" muoct v Yatesy g c v wt grepoe
3 Performance evaluation
3 Vocal removal
3 Auto-accompaniment

To the shimmer

Apple Music Moises

Source: https://[promusicianhub.com/yousician-review/, https://www.smule.com/



Music Performance Analysis and Accompaniment

0 Need to extract music sources or information of the performance audio

3 Music source separation

3 Automatic music transcription, beat -tracking, chord recognition, and
structure analysis

3 Score following S




O Music source separation, chord/key/beat/tempo estimation

N7 Molses

https://www.youtube.com/watch?v=0wmiR8Zsv9g

Moises App


https://www.youtube.com/watch?v=0wmiR8Zsv9g

Music Source Separation

0 Mix audio A individual sources (e.g. stems)

é/ = ...||.|||||-n....||.||||u-n1 o é}/

: Separation
B =, o J Tt
(?” |-|||||||||n“|u||-|||||m- |-|||||H||-||h||n||||||n|u @

A

Source: :



https://source-separation.github.io/tutorial/landing.html

Music Source Separation

4

0 U-Net
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Demucs V4 (2023)



Music Source Separation

GSEP™ - Instrument Extraction Demo
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https://www.youtube.com/watch?v=66SaSVa9R7g



https://www.youtube.com/watch?v=66SaSVa9R7g

Beat & Downbeat Tracking, Music Structure Analysis

0 Beat &downbeat tracking
3 ldentifying the regular pulse (beat) and the first beat in a musical bar or
measure (downbeat)

Downbeat Downbeat

A A A

Beat Beat Beat Beat

O Music structure analysis
3 Segmenting a piece of music into distinct sections and labeling functions of
these sections, such as intro, verse, chorus, or bridge

Intro Chorus Verse Verse Chorus

ey A A - - »~
AN A N«A\w e \A\_ﬂ «__ JWM TN -/ A A WY A ey W



Beat & Downbeat Tracking, Music Structure Analysis

0 The two families of tasks are handled in a single model

Demixed [1] Transformer Module i Post-Processing
Spectrograms T :
9 [2] e [3]l = — i
Q| e — 5~ > Beat
ve )= TN Y = —/ O
Q| D o N @ |[4]
B Q) Z o o | = Z
o|Q S = = — | i Plor* rDownbeat
S0 :
= . < v . Z > ' - —
3 » 9 _> o L > '_’ T
= =] : oo E M o O
o =1 ; = o) : > o ® — Boundary
— |3 | :: |9 Q : — ~ |5
L] BRI B e i a1
| N WS A y ' ' —p n E-; o —p
i x3 E O R Label

shared across instruments X1

All-In-One Metrical And Functional Structure Analysis With Neighborhood Attentions on Demixed Audio, Taejun Kim, Juhan Nam, WASPAA, 2023



Beat & Downbeat Tracking, Music Structure Analysis

Music Dissector

An Interactive Music Structure Visualizer

Music and Audio Computing Lab, KAIST (2023)



Al DJ

DJ StructFreak
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00 Hot Mix Long Mix Random Mix

Music and Audio Computing Lab, KAIST (2023)



Automatic Music Transcription (AMT)

0 Audio-to-Score

W’ . Pitch contours

A -

AMT Model
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Monophonic Pitch Estimation

4

0 CREPEclassification -based approach using CNN

- B7
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@
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MedleyDB-Synth: First Layer Filters

o

CREPE: A Convolutional Representation for Pitch Estimation, Jong Wook Kim, Justin Salamon, Peter Li, Juan P. Bello, ICASSP, 2018


https://marl.github.io/crepe/

Polyphonic Piano Transcription

0 Onsets and Frames

| Frame Loss I
3
| Frame Predictions I I Onset Loss |
4 — 4
| FC Sigmoid I | Onset Predictions |
4 4
| BILSTM | || Fosigmoid |
| S— 4
| FC Sigmoid | | BILSTM | _
3 3 Website: https://magenta.tensorflow.org/onsets-frames
| Conv Stack | | Conv Stack |

~.

| Log Mel-Spectrogram I

f

AVANTALY,

Onsets and Frames: Dual-Objective Piano Transcription, Curtis Hawthorne, etal, ISMIR, 2018



https://magenta.tensorflow.org/onsets-frames

Reaktime Polyphonic Piano Transcription

autoregressive RNN

0 Predicts note states (off, onset, sustain, offset, and re -onset) using an

Ground-truth
MIDI

Multi-state
Estimation

Polyphonic Piano Transcription Using Autoregressive Multi-State Note Model, Taegyun Kwon, Dasaem Jeong, and Juhan Nam, ISMIR, 2020

Pitch

Time

A (Autoregresive
: Connection
Ut 1
Softmax Softmax
FC FC
LSTM stack LSTM stack
=0
FC FC -
Conv stack Conv stack




RealTime Polyphonic Piano Transcription

Music and Audio Computing Lab, KAIST (2020)



Segto-Seq Model

0 A generic encoder-decoder Transformer with standard decoding

methods

3 Represents the MIDI output with text-based token sequences

Autoregressive
Spect Samplin
pectrogram Encoding ping
Segmented ifnnil
Waveform

Latl La 1.l

MIDI-like Output Tokens

<time 73.1> <vel 61> <pitch 60> <time 73.3>
<vel 82> <pitch 64> <time 73.5> <vel 0> <pitch 60>

LI
Eall I
I

I

cai| 1 N

Sequence-to-Sequence Piano Transcription with Transformers, Curtis Hawthorne, lan Simon, Rigel Swavely, Ethan Manilow, Jesse Engel, ISMIR, 2021



Chord Recognition

0 Chord
3 A harmonic set of multiple notes accompanying the melody
3 Make the tone perceptually (and emationally) rich: pleasure or tension
3 C"ugswgpeg"qh"ejgtfu"hgt UF-X¥-bwukecn

Beatl es ALet i

[The FMP book]



Chord Recognition

0 CRNNhbased chord recognition
3 Structured chord labels: root, pitch, and bass

Input Encoding

P —
——

[ Db:maj (9)/3 } Simplification :

Frequency

Encoding

5x5 [1]
RelU

R MIEA L Vi

Time Time Time Time

Structured training for large-vocabulary chord recognition, Brian McFee Juan Pablo Bello, ISMIR, 2017
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Chord Recognition

o 4G ==

®
A 109 4/4 m

D7sus4
Vil

D7sus4
Vil
69 Cadd9
VIl v

DM7/A F#m11/C#
v/ vii/ IV#

F2m11/C# Bbm11/E>
vii / IV# ii#/ Ve

Amé69/C F#m11/C#
i/Iv vii / IV#

Cm7/C# Bbm
iv/IV# ii#

Chords

Transpose

Basic

https://www.youtube.com/watch?v=tFdG 8u-xWsk

02:01/07:06 @ Chord AI

n >



https://www.youtube.com/watch?v=tFdG8u-xWsk

Score Following

0 Online Dynamic Time Warping (DTW)
3 Use chroma audio features

Target Audio o T Reference Audio ,
@ > - W
@ AL
& ‘ (O]
O QD© "Wy
@ > ‘
: > [© o6
Live Performance g T i
(O md )
Qe )C)
. A AT ",’. 4, i ‘*r' wﬁ.” I_ . A N T r| 4,»'!‘ TR T
s G B G "
: rget Chromal, = ' ,
i ‘l i AEATRIT T £ ‘& 4 elerencal CAromd Al 'y
Cc L1} ]} I\I 1 I- || Ill Ll C | Ill 1. ] | II 1 L}
0:00 050 140 0:00 050 140

Live Tracking of Musical Performances using On-Line Time Warping, Simon Dixon, DAFx, 2005



Score Following
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Automatic Page Turner (JKU, 2007)



Automatic Music Accompaniment

Yamaha Daredemo (2023)



Challenges and Opportunities in Music Compaosition

0 Composing music requires musical knowledge, experience, and creativity
3 Need endless inspiration and motivation

3 Automated composition has been a longstanding interest in music history

. ) ) Illiac Suite
Mozartos Musi cka3leFpi ce Game ( (Lejaren Hiller and Leonard Isaacson)



Challenges and Opportunities in Music Production

O Music production is costly and labor -intensive
3 Recording sessions for vocal and acoustic instruments
3 Incorporating expertise in mixing and mastering
3 Search samples in a large sound sample database

Sample Libraries



https://www.youtube.com/watch?v=G2Rhh_4GZmU

Generative Al and Neural Audio Signal Processing

0 Recent advances of generative Al are actively applied to music
3 Symbolic or audio-level music generation
3 Neural audio synthesis and digital audio effects




Google Music Transformer (2018)

O Music Language Model

Music Transformer: Generating Music with Long-Term Structure, Cheng-Zhi Anna Huang et al, ICLR, 2019



MuseNet (2019)

MuseNet

We've created MuseNet, a deep neural network that can generate
4-minute musical compositions with 10 different instruments,
and can combine styles from country to Mozart to the Beatles.

STYLE

CHOPIN

INTRO

INSTRUMENTS

NUMBER OF TOKENS
UNTRY
HIDE ADVANCED SETTINGS
ISNEY

ACH

STOP PLAYBACK

CHOPIN ~
BEETHOVEN'S FUR ELISE ~
PIANO STRINGS WINDS DRUMS HARP GUITAR BASS

J— 225

IN THE STYLE OF

The Beatles

MuseNet by OpenA

4 DOWNLOAD ~ W TWEET C RESET

MuseNet played an experimental concert on April 25th, 2019, livestreamed on OpenATI's Twitch channel,
in which no human (including us) had heard the pieces be

OpenAl MuseNet, , Christine Payne, 2019



Tone Transfer

0 Change timbre of the input source while preserving the expressions

7 M

2 QN AN\
[ D) /“ ) [ \n )
N Y/ | )
- N &
Original training Resynthesized
Input audio ° audio Ol_JtP_Ut
(Vocal) (Violin)



Differentiable Digital Signal Processing (DDSP)

0 A hybrid model of neural network and spectral modeling synthesis

T

Harmonic
™ FfF0 ™ Audio

—» Encoder % .
Target \ Reverb Synthesuzed

Audio L, z —»| Decoder D> Audio
Filtered / ”
Noise
» Loudness — M/Ml\\‘i

Multi-Scale Spectrogram Loss

DDSP: Differentiable Digital Signal Processing, Jesse Engel, Lamtharn (Hanoi) Hantrakul, Chenjie Gu, Adam Roberts, ICLR, 2020



Tone Transfer - DDSP

Tronsorm

https://magenta.tensorflow.org/ddsp-vst


https://magenta.tensorflow.org/ddsp-vst

Singing Voice Synthesis (SVS)

0 Generate singing voice audio from melody (MIDI) and lyrics (text)
3 Huge advances in neural SVS models over the past few years
3 Challenge: the lack of precisely annotated MIDI data to audio

Melody and Lyrics E/ Audio



Singing Voice Synthesis
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Singing Voice Conversion

0 Singing Voice Conversion

https://www.youtube.com/watch?v=geOLw5I11Tw8

DiffSVC: A Diffusion Probabilistic Model for Singing Voice Conversion, Liu et al., ARSU, 2021


https://www.youtube.com/watch?v=ge0Lw5I1Tw8

Al Cover Song

0 Singing Voice Conversion

Conditional
Diffusion Decoder . .
Skip output To next residual bh Di ffu sion Mo d el
(N blocks _ T| mber

Noise &

Control Input -._

- Loudness, FO (melody, expression)
- PPG (lyrics, phonetics)

(speaker-specific)

(speaker-invariant)

93
Loudness Melody PPG
Embedding | | Embedding Prenet
Loudness !  Log-FO f PPG z Stept  Noisy MelSctrogram n

https://www.youtube.com/watch?v=PmOpnSuGxbc

DiffSVC: A Diffusion Probabilistic Model for Singing Voice Conversion, Songxiang Liu, Yuewen Cao, Dan Su, Helen Meng, ARSU, 2021


https://www.youtube.com/watch?v=PmOpnSuGxbc

0 Audio language model using acoustics tokens
3 text conditioning and/or melodic conditioning

[[ Mulan tokens MA] Semantic tokens S g(;(:j:itrll; Acoustic tokens A ] ]
[@i\ej‘?ﬁ%ﬁ:;—{ Semantic tokens S ]]
_ MuLan (Audio) | kemeans | w2v-BERT SoundStream
e
| gam ——
)

|/

Target Audio MMM

https://google-research.qgithub.io/seanet/musiclm/examples/

MusicLM: Generating Music From Text, Andrea Agostinelli, Timo I. Denk, Zalan Borsos, Jesse Engel, Mauro Verzetti,  Arxiv, 2023


https://google-research.github.io/seanet/musiclm/examples/

Text-to-Music

MusicFX ( -

Sounds that create a [SErq0 R and
atmosphere

SOUNDS THAT CREATE A
RELAXING AND ENERGETIC
ATMOSPHERE

coaDeo

G G 4M57] rockandroll  melodic  rainyday  avantgarde  violins

echoing atmosphere exciting

Google MusicFX (MusicLM) N )

https://aitestkitchen.withgoogle.com/ko/tools/music-fx



https://aitestkitchen.withgoogle.com/ko/tools/music-fx

MusicLDM

0 Textto-music generation model using a Latent Diffusion Model (LDM)
3 Use VAE on spectrogram to obtain latent space and HiFFGAN for vocoder
3 CLAP (audiotext joint embedding model) for text conditioning

zeRT o € RTXF
STFT+MelFB VAE VAE Hifi-GAN
il a6 s L 1 Encoder Decoder
audio waveform mel-spectrogram o
Eg Net Lat tD ffusion Model
( ) U-Net Latent Diffusion Mode
[ cLap
’\ Audio Encoder ) \)
) OR S— D 0gl[o D D
A spectacular - CLAP e
dramatic trailer ~ L Text Encoder )
corresponding text *

FlLM Cocatenatlon

MusicLDM: Enhancing Novelty in Text-to-Music Generation Using Beat-Synchronous Mixup Strategies, Ke Chen, Yusong Wu, Haohe Liu, Marianna Nezhurina,
Taylor Berg-Kirkpatrick, Shliomo Dubnov, 2024



MusicLDM

https://musicldm.github.io/



https://musicldm.github.io/

