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Part 1. Intro

What is music data?


How can we apply AI to Music?



Music Data

high-dimensional (e.g. 44.1 kHz) 

visually uninterpretable 

the most “raw” representation

Waveform



Music Data
Short-time Fourier Transform



Music Data
MIDI: Music Instrument Digital Interface

symbolic representation


pitch, onset, timbre information 


very compact, widely used in 
professional community and industry




Music Data
Musical Scores



Music Data
MusicXML



AI Music Research Scope
Music Information Retrieval: 
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acoustic fingerprinting
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Music Generation: 🚀 

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



AI Music Research Scope
Interdisciplinary topics: 

Music Cognition / Perception


Music and Health 

Optical Music Recognition




Music Source Separation



Music Transcription

https://www.mdpi.com/2076-3417/13/21/11882/pdf



Music Cognition: Rhythm Perception

T. Kaplan “Probabilistic Models of Rhythmic Expectations and Synchronisation”
https://qmro.qmul.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

https://tempobeatdownbeat.github.io/tutorial
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Rhythm: Beat Tracking
TCN: Temporal Convolutional Networks + post-processing


https://tempobeatdownbeat.github.io/tutorial



Bar Pointer Model
Postprocessing

How to convert this to consistent predictions?

Neural network output:

https://tempobeatdownbeat.github.io/tutorial



Bar Pointer Model
Postprocessing

Dynamic Bayesian Networks:





https://tempobeatdownbeat.github.io/tutorial



Bar Pointer Model
Postprocessing

Hidden states: position of a pointer in a bar,


defined by the position, instantaneous tempo and 
the rhythmic pattern

https://tempobeatdownbeat.github.io/tutorial



https://www.youtube.com/watch?v=W0og5Pp75qg


SpecTNT
Transformers for spectrograms

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).
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Rhythm: Beat Tracking
SpecTNT-TCN

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



Harmony: Chord Recognition 
Intervals in harmonic series



Harmony: Chord Recognition
Key features: large vocabulary, “heavy-tail” distribution, annotations are sparse 
and ambiguous

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



Harmony: Chord Recognition

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



Lead Sheet
• Contains necessary information regarding musical structure 


• Represents a graphical structure


• Sometimes also contains a melody


• Large collections of lead sheets:


• iRealPro Jazz 1410


• Wikifonia


• Band in a Box (BIAB)

Butterfly
(Funk) Herbie Hancock

half x feel throughout (4xs)

      Fine

3x       D.S. al Coda

open

open

D.C. al Fine

Made with iReal Pro

A lead sheet and its graph



Lead Sheet Alignment
• Task definition:


• Match each moment of musical audio with a position in a lead sheet.


• If 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
• 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:  
 

,  

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

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

P(Ya |Xls) :=
σ(Hamming(Xls, ̂Ya))

∑Y∈{0,1}12 σ(Hamming(Xls, Y))

Xls

Ya
̂Ya



Lead Sheet Alignment

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



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


Bi-directional Neighbour Attention

• Neighbor attention: 
 

 
 
fF
msg(xi, xj) = σ(q(xi)Tk(xj))v(xj),

fR
msg(xi, xj) = σ( ̂q(xj)T ̂k(xi)) ̂v(xi)



Lead Sheet Transformer

• 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"
Bar Chroma Features
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Part 3: Music Generation

JukeBox (OpenAI)


MusicGEN (Meta)


MusicLM (Google)




Waveform Generation
WaveNet / SampleRNN

one audio sample at a time 


hard to learn long-range dependencies


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).



Audio Codecs: VQ-VAE
Vector quantisation

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



JukeBox
Multi-level VQ-VAE

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



JukeBox
Language Model

Details: 

VQ-VAE: 2M parameters, trained on 256 GPU 
for 3 days


Upsamplers: 1B parameters,


Top-level: 5B parameters

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



MusicLM (Google)

“acoustic” “semantic” “description”
Agostinelli, Andrea, et al. "Musiclm: Generating music from text." arXiv preprint arXiv:2301.11325 (2023).



MusicLM
Acoustic Model (codec): SoundStream

https://drscotthawley.github.io/blog/posts/2023-06-12-RVQ.html
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.



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.).


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

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



MusicLM
Training

no text descriptions used in training!
Agostinelli, Andrea, et al. "Musiclm: Generating music from text." arXiv preprint arXiv:2301.11325 (2023).



MusicLM
Inference

• Input: text description.


• Generation:


• Text → description tokens.


• Description tokens → semantic tokens


• Semantic+description → acoustic


• Decoding: Audio tokens → Full audio using 
SoundStream.

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



MusicLM overview

• Training dataset: 280k hours


• All components are proprietary.


• Open source analogues:


• MuLan: CLAP


• SoundStream: EnCodec


• w2v-BERT: MERT or MusicFM



MusicGEN
EnCodec

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



MusicGEN
Flattening/Interleaving

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



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 GPUs)


Training data: 20k hours

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



MusicGEN
Reported results

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



Questions


