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Part 1. Intro

What is music data?

How can we apply Al to Music?



Music Data

Waveform
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Music Data

Short-time Fourier Transform
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Music Data

MIDI: Music Instrument Digital Interface

iy

symbolic representation

pitch, onset, timbre information

very compact, widely used in
professional community and industry
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Music Data

Musical Scores
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Figure 1.14 from [Miller, FMP, Springer 2015}



Music Data
Music XML

<note>
<pitch>
<step>E</step>
<alter>-1</alter>
<octave>4</octave>
</pitch>
<duration>2</duration>
<type>half</type>
</note>

Figure 1.15 from [Miller, FMP, Springer 2015]



Al Music Research Scope

Music Information Retrieval:

music tagging, classification, emotion recognition, music transcription, extracting
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acoustic fingerprinting
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Al Music Research Scope

Music Information Retrieval:

music tagging, classification, emotion recognition, music transcription, extracting
rhythmic and harmonic information, music structure analysis, music search,
acoustic fingerprinting

Musical Audio Signal Processing:

music source separation, digital audio effects, differentiable digital signal
processing, timbre transfer and analysis, neural audio synthesis

Music Generation: #

text-to-music, music editing, music inpainting, human-computer co-creation



Al Music Research Scope

Interdisciplinary topics:

Music Cognition / Perception
Music and Health

Optical Music Recognition



Music Source Separation
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Music Transcription
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https://www.mdpi.com/2076-3417/13/21/1

(b) Note-level transcription
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(d) Notation-level transcription




Music Cognition: Rhythm Perception
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Stimulus rhythm Inferred pattern ‘ Synchronised movement

1:1:2 Biased reproduction
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T. Kaplan “Probabilistic Models of Rhythmic Expectations and Synchronisation”
https://gmro.gmul.ac.uk/xmlui/handle/123456789/94727



Part 2. Music Information Retrieval

Examples

Piano Transcription ~ “ASR”
Music Source Separation ~ “Speech Source Separation”
Beat tracking

Chord recognition



Rhythm: Beat Tracking
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https://tempobeatdownbeat.github.io/tutorial



Rhythm: Beat Tracking

Easy Example: audio waveform
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Rhythm: Beat Tracking

Easy Example: audio waveform
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Easy example: audio waveform with beats and downbeats
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Rhythm: Beat Tracking

Expressive Example: audio waveform
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Rhythm: Beat Tracking

Expressive Example: audio waveform
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Rhythm: Beat Tracking

Nonwestern Example: audio waveform

1.0 -

0.5 -

Time

https://tempobeatdownbeat.github.io/tutorial



Rhythm: Beat Tracking

Nonwestern Example: audio waveform
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Nonwestern Example: audio waveform with beats and downbeats
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Rhythm: Beat Tracking

TCN: Temporal Convolutional Networks + post-processing
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Bar Pointer Model

Postprocessing

Neural network output:

How to convert this to consistent predictions?

https://tempobeatdownbeat.github.io/tutorial



Bar Pointer Model

Postprocessing

Dynamic Bayesian Networks:

T
P(y,x) = P(yp) | | P@elye)P(xilyy)
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https://tempobeatdownbeat.github.io/tutorial



Bar Pointer Model

Postprocessing

Hidden states: position of a pointer in a batr,

defined by the position, instantaneous tempo and
the rhythmic pattern

P(y:|y:-1) = P(¢¢|Ppi-1 a¢t—1 ,Ti-1) X P(th‘th—l) X P(re|re—1,@e-1,P1)
P(op|dk—1, Pr_1,78—1) = 14
P($x|dr-1) < N(¢x—1,03) x 1

A(,rk—la'rk) if ¢k < ¢k—1
1, else

P(rg|re—1, Ok, Pp—1) = {

https://tempobeatdownbeat.github.io/tutorial
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Novelty Function
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https://www.youtube.com/watch?v=W0og5Pp75qg

SpecTNT

Transformers for spectrograms
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Exploits both time and frequency dependencies

Time Transformer: Captures temporal dependencies along the time axis
Frequency Transformer: Captures harmonic and spectral relationships along the frequency axis.
Alternating interaction between Time and Frequency blocks.

Lu, Wei-Tsung, et al. "SpecTNT: A time-frequency transformer for music audio." arXiv preprint arXiv:2110.09127 (2021).



SpecTNT

Transformers for spectrograms
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Exploits both time and frequency dependencies
Time Transformer: Captures temporal dependencies along the time axis
Frequency Transformer: Captures harmonic and spectral relationships along the frequency axis.

Alternating interaction between Time and Frequency blocks.

Lu, Wei-Tsung, et al. "SpecTNT: A time-frequency transformer for music audio." arXiv preprint arXiv:2110.09127 (2021).



Rhythm: Beat Tracking

SpecTNT-TCN
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F1 CMLt AMLt F1 CMLt AMLt
RWC-POP Harmonix Set
Bock et al. [18] 943 - - 9337 8417  938f
TCN (baseline) 947 922 952 946 .895 942
SpecTNT 953 925 957 947 .896 943
SpecTNT-TCN 950 925 958 953 939 959
SMC Beatles
Bock et al. [18] 516 406 575 918 - -
Bock et al. [17] 544 443 635 - - -
TCN (baseline) 560 474 621 933 870 933
SpecTNT 602* 5157 661 940 .898 929
SpecTNT-TCN 605* 514~ .663 943 .896 938
Ballroom Hainsworth

Davies et al. [15] | .933 881 929 874 795 930
Bock et al. [17] 962 947 961 902 .848 930
TCN (baseline) 940 870 957 .860 .849 915
SpecTNT 927 856 939 .866 865 914
SpecTNT-TCN 962* 939" 967 877 862 915

Hung, Yun-Ning, et al. "Modeling beats and downbeats with a time-frequency transformer." ICASSP 2022-2022 IEEE International Conference on Acoustics, Speech and Signal Processing (ICASSP). IEEE, 2022.



Harmony: Chord Recognition

Interval definition

Perfect Augmented Minor Major Augmented Minor Major Perfect Tritone
unison unison second second second third third fourth
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Figure 5.2b from [Muller, FMP, Springer 2015]



Harmony: Chord Recognition

Intervals in harmonic series

Intervals Major Minor Major Minor
Fifth third third second second
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Figure 5.4 from [Muller, FMP, Springer 2015]




Harmony: Chord Recognition

Key features: large vocabulary, “heavy-tail” distribution, annotations are sparse
and ambiguous
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Encoding bitches

McFee, Brian, and Juan Pablo Bello. "Structured Training for Large-Vocabulary Chord Recognition." ISMIR. 2017.



Harmony: Chord Recognition

Input Encoding

Frequency

Time Time Time Time

Root

Encoder i  ——
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[256] Pitches

McFee, Brian, and Juan Pablo Bello. "Structured Training for Large-Vocabulary Chord Recognition." ISMIR. 2017.



Lead Sheet

* (Contains necessary information regarding musical structure

Butterfly

* Represents a graphical structure ;F) T /A]
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Lead Sheet Alignment

» Task definition:

 Match each moment of musical audio with a position in a lead sheet.
e |f solved, it would provide:

* A local harmonic context to the result of AMT

* A “global” structural context needed to analyse solos

* A form-aware theme/solo segmentation solution



Lead Sheet Alignment SotA

e Current solution (ours, WASPAA 2023):
* Extract audio features with CRNN
 Compile an HMM using a lead sheet and use Viterbi decoding
 Observations: CRNN deep chroma features
* Transition probabilities: a lead sheet graph connectivity
* Emission probabilities:

c(Hamming(X;,, IA/a))
o(Hamming(X,, Y))

P(Y,|X,) =
S ZYe{O,l}12

where X,  is a chroma of a chord in a lead sheet,

A\

Y - 12-dim CRNN output, ¥ - binarised CRNN output (threshold 0.5)



Lead Sheet Alignment

lead sheet

.

>

SN—

collection

__—

A Da G
“EIE s Eli7
EE75 E/‘é] Elt’v
IF-7 F-; |Dez GolC7 C

G
F, B
C

A07 D7b9
Fs B

raw audio

v
deep chroma features and beat onsets

1 l
—

I
f

Y

—
‘———_~
~
—

beat-averaged
chroma

Viterbi decoding

https://www.eecs.gmul.ac.uk/~simond/pub/2023/ShaninDixon-WASPAA2023.pdf

—_
- ——
-



Up Tempo Swing) L e ohn Coltrane vw
1Bx7 D7 [Ga B |E5 m
Gz B} |E%; F% Buy

E:; A Dy |G
By  |F~ B} [E%



https://www.youtube.com/watch?v=Tinh1ZDTa1k

Bi-directional Neighbour Attention

fmsg(xiv mj) = a(®;, xj)xj fagg({mi}) = Z(ng) fUPd(xiv m;) = m;W

* Neighbor attention:

e X)) = (g () Tk(x))v(x)),

R (i x) = 0(g(x)Th(x)P(x,)



Lead Sheet Transformer

e Sequence Encoder
* A standard transformer encoder cell
 Graph Encoder
* Neighbour attention block (bi-directional)
 Graph/sequence Cross-attention
* Feed-forward block
* Contrastive loss

» Symmetric cross-entropy, “CLIP"

Multi-Headed

Cross-Attention

A A A
v K Q

JJ/

BatchNorm

Multi-Headed
Self-Attention




Part 3: Music Generation

JukeBox (OpenAl)
MusicGEN (Meta)
MusicLM (Google)



Waveform Generation
WaveNet / SampleRNN

one audio sample at a time

hard to learn long-range dependencies

0.0 0 0 0 0 0 0 0 0O 0O

O
PN
O
O

Mehri, Soroush, et al. "SampleRNN: An unconditional end-to-end neural audio generation model." arXiv preprint arXiv:1612.07837 (2016).
Van Den Oord, Aaron, et al. "Wavenet: A generative model for raw audio." arXiv preprint arXiv:1609.03499 12 (2016).
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Audio Codecs: VQ-VAE

Vector quantisation
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Van Den Oord, Aaron, and Oriol Vinyals. "Neural discrete representation learning." Advances in neural information processing systems 30 (2017).



JukeBox

Multi-level VQ-VAE

Codebook €L
Vector Codebook
Encode Quantization Looku Decode
- B - — e
Vector Codebook
Lok Encode ’l - Quantization Lookup >I . l Decode
s Pt > e & el
Vector Codebook
Encode N N Quantization Lookup Decode
- I NI - 4 | Pl g
Xt hl — E(Xt) Zt — argmlnk " ht — ek " eZt Xl‘ — D(eZt)

Lipee = [|[STFT(x)| — [STFT(X)]|l

Dhariwal, Prafulla, et al. "Jukebox: A generative model for music." arXiv preprint arXiv:2005.00341 (2020).



JukeBox

Conditioning
Language MOdeI Information
: —[ Top-Level Prior ]
p(Z) _ p(ztop, Zmlddle, Zbottom)
— p( Ztop ) D ( Znnddle |Ztop ) D ( Zbottom |Zmlddle , Ztop) F
-[ Middle Upsampler ]
Details: , !
» Bottom Upsampler

VQ-VAE: 2M parameters, trained on 256 GPU

for 3 days
.
Upsamplers: 1B parameters, [ VQ'VAEiDec"de’ ]

Top-level: 5B parameters

Dhariwal, Prafulla, et al. "Jukebox: A generative model for music." arXiv preprint arXiv:2005.00341 (2020).



Adversarial and MLM loss and : :
: ) <Audio, Text> Contrastive Loss
Reconstruction Loss Contrastive Loss

SoundStream w2v-BERT
Intermediate
Layer

*acoustic” “semantic” “*description”

Agostinelli, Andrea, et al. "Musiclm: Generating music from text." arXiv preprint arXiv:2301.11325 (2023).

“Rock song with
distorted quitar”




MusicLM

Acoustic Model (codec): SoundStream

Training

Encoder

Q4

s
|

[ Q:(|Q2||Q3

‘m
on/off

 —

Nq
*J
Decoder

Discriminator

Algorithm 1: Residual Vector Quantization

Input: y = enc(x) the output of the encoder, vector
quantizers @); for : = 1..N,

Output: the quantized §

7 < 0.0

residual < y

for : =11t N, do

L U += Q;(residual)

residual —= @Q;(residual)

return ¢

Zeghidour, Neil, et al. "Soundstream: An end-to-end neural audio codec." IEEE/ACM Transactions on Audio, Speech, and Language Processing 30 (2021): 495-507.
https://drscotthawley.github.io/blog/posts/2023-06-12-RVQ.html



MusicLM

Semantic Model: w2v-BERT

Goal:

raw audio waveforms — latent speech representations

Architecture:

wav2vec 2.0: Extracts context representations from raw waveforms.

BERT: Models sequence-level dependencies on extracted features.
Objective: Predict masked speech units (like MLM in NLP).
Advantages:

Learns robust speech representations.

Transferable to downstream tasks (ASR, speaker ID, etc.).

Context Vectors MLM Stack ] :
/ ___________ | Contrastive =~ |
' [ Conformer Blocks | Stack e |
I
: | x M
' [Conformer Blocks -~ MLMLoss -
__________ Context Vectors
I .
| ( Conformer Blocks ] : { Contrastive Loss]
| X N f
' [ Conformer Blocks ] Target Discretized ids
ContextYeCtOva,
[ Linear }—( Masking ] < Quantization >
\

| i |
| Convolutional Encoded Features
|

Subsampling |

PEED GENN GEND GEND GEND GENS 2 GE -

Input Features

Chung, Yu-An, et al. "W2v-bert: Combining contrastive learning and masked language modeling for self-supervised speech pre-training." 2021 IEEE Automatic Speech Recognition

and Understanding Workshop (ASRU). IEEE, 2021.



MusicLM

Training

Acoustic
MuLan tokens M 4 Semantic tokens § . Acoustic tokens A
modeling
Semantic
! -
MuLan tokens M modeling Semantic tokens S

MulLan (Audio)

k-mfans W2V-BERT SoundStream

Layer

" Intermediate
L

Target Audio WWM

Agostinelli, Andrea, et al. "Musiclm: Generating music from text." arXiv preprint arXiv:2301.11325 (2023).



MusicLM

Training

Acoustic
MuLan tokens M 4 Semantic tokens § . Acoustic tokens A
modeling
Semantic
! -
MuLan tokens M modeling Semantic tokens S

MulLan (Audio)

k-m;aans w2v-BERT SoundStream

Layer

" Intermediate
L

Target Audio mem

no text descriptions used in training!

Agostinelli, Andrea, et al. "Musiclm: Generating music from text." arXiv preprint arXiv:2301.11325 (2023).




MusicLM

Inference

SoundStream
- Decoder |

* |nput: text description.

e (Generation:

Y

-

Generated audio

* TJext — description tokens.
MulLan (Text)

* Description tokens — semantic tokens

* Semantic+description = acoustic

"Hip hop song with

* Decoding: Audio tokens — Full audio using
violin solo”

SoundStream.

Agostinelli, Andrea, et al. "Musiclm: Generating music from text." arXiv preprint arXiv:2301.11325 (2023).



MusicLM overview

RIFFUSION 0.76 13.4 1.19 0.34 158
MUBERT 0.45 9.6 1.58 0.32 97
MUSICLM 0.44 4.0 1.01 0.51 312
MUSICCAPS - - - - 472

* [raining dataset: 280k hours
* All components are proprietary.
* Open source analogues:
 MulLan: CLAP
* SoundStream: EnCodec

 Ww2v-BERT. MERT or MusickFM



MusicGEN

EnCodec
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Copet, Jade, et al. "Simple and controllable music generation." Advances in Neural Information Processing Systems 36 (2024).



MusicGEN

Flattening/Interleaving

Flattening Pattern
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Agostinelli, Andrea, et al. "Musiclm: Generating music from text." arXiv preprint arXiv:2301.11325 (2023).
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MusicGEN

overview

Audio Encoding: RVQGAN (EnCodec)

Generative Model: Conditioned Autoregressive Transformer

Text conditioning: prefix + cross-attention

5-layers EnCodec, 50Hz, 4 RVQ quantisers, codebook size 2048
300M - 3.3B parameters in Transformer (trained on 32-96 GPUSs)

Training data: 20k hours

Agostinelli, Andrea, et al. "Musiclm: Generating music from text." arXiv preprint arXiv:2301.11325 (2023).



MusicGEN

Reported results

MUSICCAPS Test Set

MODEL FAD,;s 4 KLJ] CLAPg T OvL. 1 REL. 1
Riffusion 14.8 2.06 0.19 | 79.31+137 74.20+2.17
Mousai 7.5 1.59 0.23 | 76.11+156 77.35+1.72
MusicLM 4.0 - - | 80.51+1.07 82.35+136
Noise2Music 2.1 - . - -
MUSICGEN w.o melody (300M) 3.1 1.28 0.31 | 78.43+130 81.11+1.31
MUSICGEN w.o melody (1.5B) 34 1.23 0.32 | 80.74+1.17 83.70+1.21
MUSICGEN w.o melody (3.3B) 3.8 1.22 0.31 | 84.81+095 82.47+1.25
MUSICGEN w. random melody (1.5B) 50 1.31 0.28 | 81.30+129 81.98+1.79
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