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Overview of Symbolic Music Processing

e Symbolic music

o A structural representation of music consisting of musical notations or
discrete performance events

e Digital formats

o Visual notation and engraving formats: musicXML, MEI, Lilypond

o Text-based simplified formats: ABC Notation, Kern, JAM notation (chord),
Music Macro Language (game music)

o Performance/music production: MIDI



MusicXML

e Markup language for music typesetting (or engraving)

o Aim to render a realistic (and beautiful) music score

o Can be converted to MIDI but lose information (expressions, clef, articulation)
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ABC Notation

e A simplified musical notation format
o Focus on monophonic melody but can represent polyphonic music with
interleaved voice indicators
o Many resources and editors
m https://abcnotation.com/, https://notabc.app/abc-converter/

- %Classical

<score lang="ABC"> P %Haydn, Joseph
X:1 R %Chamber
T:The Legacy Jig %end
H:6/8 — o%score [1]2 ]3] 4] Fligere—r—n
L:1/8 #FP:F_: + T — T~ - - s
R:jig L:1/8 & ; . —
i Q:1/4=80 9 ” e
GFG BAB | gfg gab | GFG BAB | d2A AFD | T M:3/4 = = ——
GFG BAB | gfg gab | age edB |1 dBA AFD :|2 dBA ABd |: YN Bh v H I
efe edB | dBA ABd | efe edB | gdB ABd | Header T Sy .
efe edB | d2d def | gfe edB |1 dBA ABd :|2 dBA AFD |] - el Ry ! —r
</score> _ The Legacy Jig \\';g ;”I‘::':':f"";i:;:,!'” ! | P
— V:4 bass nm="Cello" DS i ——F—"
) r
[r:13/32][V:1]1p!"~A" (F2|
Tune [r:14/31][V:1].f2) (f2 e2)|[V:2]z2 z21p! (F2|
Body  [r:15/30][V:1]._d2 (d2 c2)|[V:2].£2) (F2 e2)|[V:3]z2 22!p! (F,2|[V:4]22 221p! (F, 2|
[r:16/29][V:1].B2 (B2 A2)|[V:2)._d2 (d2 c2)|[V:3).F2) (F2 E2)|[V:4].F.2) (F2 E,2)]|

Interleaved ABC notations
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Tasks on Symbolic Music Data

e Analysis and understanding
o Melody identification
o Harmonic analysis, key detection
o Structure analysis
o Music classification (genre, mood)

e (Generation
o Harmonization and accompaniment
o Continuation and in-filling
o Full-track generation (text-to-music)

e Transformation
o Performance rendering (score-to-performance MIDI)
o Difficulty-based arrangement



Symbolic Music Processing Models

e Traditional approach
o Rule-based pattern matching or statistical models (e.g. HMM)

o MIDIToolbox: https://github.com/miditoolbox/

Pitch Class Profile

24 Key profiles

(measured by listening tests)

Key-Finding Algorithm

De Poli, G., & Orio, N. (2012). Music information processing(Chap. 8).
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Source: hitps:/purl.pt/282/1/v3d2/projects/midilib/midilib/english/skydemo.htm


https://github.com/miditoolbox/
https://purl.pt/282/1/v3d2/projects/midilib/midilib/english/skydemo.html

Symbolic Music Processing Models

e Deep Learning: 1-D approach
o Flatten music score as a word-like sequence of notes: 1D token sequences
o Use NLP models: RNN, BERT
o Note relations are discarded: chord notes, voice notes
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Symbolic Music Processing Models

e Deep Learning: 2-D approach
o Convert music score as a 2D matrix of note activations over time (piano roll)
o Use computer vision models: CNN, GAN
o A single note is divided into small segments: Onset/offsets needs to

distinguished
o Score information other than notes is not preserved well
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Symbolic Music Processing Models

e Deep Learning: Graph-based approach

o Graph representations
m Nodes: notes
m Edges: musical relations such as chord, voice, neighboring notes

o Graph neural network models
m GraphMuse: A Library for Symbolic Music Graph Processing
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GraphMuse: A Library for Symbolic Music Graph Processing, Emmanouil Karystinaios, Gerhard Widmer, ISMIR 2024 o
Graph Neural Network for Music Score Data and Modeling Expressive Piano Performance Dasaem Jeong et al, ICML 2019 D. Jeong PhD thesis slides


https://github.com/manoskary/graphmuse
https://github.com/manoskary/graphmuse
https://github.com/manoskary/graphmuse

e Segment the data into a sequence of tokens
o Atoken is one of the vocabulary formed by the tokenization methods
o Itisrepresented as an one-hot vector or an index number

e language tokenization

o Character - Sub-word - Word

m A trade-off between vocabulary size and sequence length
m Out-of-vocabulary issue
o Byte-pair encoding (BPE) is used for the sub-word tokenization

e Symbolic music tokenization

o MIDI-like, REMI, CPWord, Octuple, MMM, ...
o https://miditok.readthedocs.io/



https://miditok.readthedocs.io/
https://miditok.readthedocs.io/

MIDI-like Tokenization

e Four types of MIDI-like event

o Note-on (128 pitches), note-off (128 pitches), set-velocity (32 quantized

velocities), time-shift (100 shifts: T0ms to 1000 ms)

o 388-dim one-hot vector (388=128+128+32+100) - 388 vocabulary tokens

0/{0|0[1]0]|0|0|0]|O 0{0]0]|0 0
0 127 0 127 0 31 0 99
0/{0|0|0|0|0|0O|0O]|O 0{0]0]|O0 0
0 127 0 127 0 31 0 99
0{0|0|0|0|0|0O|0O]|O 0[{1]0]0 0
0 127 0 127 0 31 0 99
0{0|0|0|0|0|0O|0O]|O 0{0]0]|O0 0
0 127 0 127 0 31 0 99

Note-On

Note-Off

Set-Velocity

Time-Shift

This Time with Feeling: Learning Expressive Musical Performance: Sageev Oore, lan Simon, Sander Dieleman, Douglas Eck, Karen Simonyan, 2018



MIDI-like Tokenization

e Thetime shift event compresses sustained note states into a single event
o A typical 30-sec clip might contain about 1200 event tokens

Performance Representation: Example

SET-VELOCITY<31>
NOTE-ON<C4>

TIME-SHIFT<640ms>

NOTE-OFF<C4d>
TIME-SHIFT<24ms>
SET-VELOCITY<25>
NOTE-ON<F3>

SET-VELOCITY<31>
NOTE-ON<C4>

TIME-SHIFT<640ms>

NOTE-OFF<Cd>
TIME-SHIFT<24ms>
SET-VELOCITY<25>
NOTE-ON<F3>

SET-VELOCITY<31>
NOTE-ON<C4>
TIME-SHIFT<640ms>
NOTE-OFF<C4>
TIME-SHIFT<24ms>
SET-VELOCITY<25>
NOTE-ON<F3>

SET-VELOCITY<31>
NOTE-ON<C4>
TIME-SHIFT<640ms>
NOTE-OFF<C4>
TIME-SHIFT<24ms>
SET-VELOCITY<25>
NOTE-ON<F3>

SET-VELOCITY<31>
NOTE-ON<C4>
TIME-SHIFT<640ms>
NOTE-OFF<C4>
TIME-SHIFT<24ms>
SET-VELOCITY<25>
NOTE-ON<F3>

This Time with Feeling: Learning Expressive Musical Performance: Sageev Oore, lan Simon, Sander Dieleman, Douglas Eck, Karen Simonyan, 2018



Language Model

e Language model in natural language processing
o Auto-regressive model: predict what comes next

blue
The sky is so beautiful Language Model
dark
X1 Xo X3 Xg ...
p(xt |xlr ey xt—l)
e Musical |anguage model X;: input/output representation vector

o Predict what comes next in a note sequence
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PerformanceRNN

e Dataset and goal
o MAESTRO: performance piano MIDI files
o Simultaneously composting and performing piano music

e Tokenization
o “MIDI-like”

e Models
o A simple auto-regressive RNN model

This Time with Feeling: Learning Expressive Musical Performance: Sageev Oore, lan Simon, Sander Dieleman, Douglas Eck, Karen Simonyan, 2018



RNN-based Model: Training

e Data augmentation
o Tempo change and key transpose

e Three layers of LSTMs and the softmax output
o One-hot MIDI-like event vector
o The cross-entropy loss
o Teacher-forcing: the ground output is used for input
instead of the predicted output in the training phase
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This Time with Feeling: Learning Expressive Musical Performance Sageev Oore, lan Simon, Sander Dieleman, Douglas Eck, Karen Simonyan, 2018



RNN-based Model: Inference

e Generate the output using the trained model

o Start from a random sample (unconditional) or an initial conditional input
(“priming” or “continuation”)

o Sample from the softmax output: multinomial distribution

522 f3 x4_ x5

o The sampled output is used as input at the next step ‘\ N \ N \ A

An intuitive animation about auto-regressive models: hitps://twitter.com/i/status/1327775912352493568


https://twitter.com/i/status/1327775912352493568

RNN-based Model: Inference

e The softmax temperature controls musical diversity

o 1> 1:P, becomes more uniform

m More diverse output are generated
o 1< 1:P,becomes more spiky

m Less diverse output are generated

T>1

exp(Sw /1)
2y €Xp(Sy/T)

P (w) = =1

/
Softmax output <1




RNN-based Model: Result

e Generation examples (unconditional generation)
o https://magenta.tensorflow.org/performance-rnn

e Issues
o The result sounds natural in short terms but note patterns are not coherent
and keeps diverging: the long-term dependency issue
o Need better models capable of learning wider music context


https://magenta.tensorflow.org/performance-rnn
https://magenta.tensorflow.org/performance-rnn
https://magenta.tensorflow.org/performance-rnn
https://magenta.tensorflow.org/performance-rnn

Evaluating Music Language Model

e Objective evaluation

o Perplexity (PPL): measure the likelihood of the generated output

m Inverse probability of the corpus

m Lower PPL is better

o Comparing musical statistics

T
1
PIX) = B(PLM(xdxq))l/T

m Pitch: pitch count, pitch class histogram, pitch transition histogram, pitch range
m Rhythm: note count, average inter-onset-interval, note length histogram, note

length transition histogram

Kernel density estimation - PDF
Overlapping Area (OA), Kullback-Leibler divergence (KLD)

e Subjective evaluation

o Mean opinion score (MOS): scale from 1to 5

On the evaluation of generative models in music, L-Chia Yang, Alexander Lerch, Neural Computing and Applications, 2020

Example

4 5
Euclidean distance

Fig. 2: Example of the proposed evaluation metric: mea-
suring difference of intra-set and inter-set distances
by Kullback-Leibler divergence (KLD) and Overlapped
area (OA).



Issues in MIDI-like Tokenization

e |tis effective in “expressive” music modeling but does not have a built-in
notion of beats/downbeats

e If a time-shift event is generated at a wrong position, the entire notes in

the following time steps are affected and the rhythm becomes unstable
o Thisis a serious problem in pop music which usually has a regular tempo



REMI

e REvamped MIDI-derived events (REMI)
o Use position & bar (beat & downbeat) instead of time-shift
o Use quantized note-duration instead of note-off
o Add chord & tempo related tokens

| MIDI-like REMI
Not ‘ NOTE-ON NOTE-ON
O R (0-127) (0-127)
— - N ff NOTE-OFF NOTE DURATION
Bar, Pasition (1/16), Chord (C major), ote offset (0-127) (32th note multiples)
Position (1/16), Tempo Class (mid), N v N v
Tempo Value (10), Position (1/16), . OTE VELOCITY OTE VELOCITY
Note Velocity (16), Note On (60), Note velocity | (3 ping) (32 bins)
— :> Note Duration (4), Position (5/16), TIME-SHIFT POSITION (16 bins)
""" Time grid
& i Tempo Value (12), Position (9/16), § (10-1000ms) & BAR (1)
Note Velocity (14), Note On (67), TEMPO
Note Duration (8), Bar Tempo changes | X (30-209 BPM)
CHORD
Chord X (60 types)

Pop Music Transformer: Beat-based Modeling and Generation of Expressive Pop Piano Compositions, Yu-Siang Huang, Yi-Hsuan Yang, 2020



Pop Music Transformer

e Theinput symbolic representation is designed for pop music which

features steady beats

o Use Transformer-XL instead of the vanilla Transformer

Music
Transformer

Pop Music
Transformer

real music

model generates music

— — —— - —

Demo: https://github.com/YatingMusic/remi

Pop Music Transformer: Beat-based Modeling and Generation of Expressive Pop Piano Compositions, Yu-Siang Huang, Yi-Hsuan Yang, et al, 2019


https://github.com/YatingMusic/remi

Issues in REMI

e REMI (and MIDI-like) use multiple tokens to represent a note
o This increases the length of token sequence and it is therefore not efficient

in training transformer models

| MIDI-like [30] REMI (this paper)
Nat ; MoTe-On MoTe-OM
alte onse (0-127) (0-127)
MoTE-OFF MoTE DURATION
Noke offset (0-127) (32th note multiples; 1-64)
. TIME-SHIFT PosrTion (16 bins; 1-16)
Time grid (10-1000ms) & BaR (1)
TEMPD
T h
empo changes | X (30-209 BPM)
C
Chnrd I HORD

(60 types)




e This significantly reduces the token length
and makes training the Transformer

model efficient
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Compound Word Tokenization

e Group relevant tokens into a super token called “compound words”
o Note-based: pitch, duration, velocity
o Metric-based: bar, chord, tempo
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Compound Word Transformer: Learning to compose full-song music over dynamic directed hypergraphs, Hsiao et al, AAAI 2021
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Compound Word Transformer

e Multiple input: token embeddings from music attribute tokens and family
token are concatenated

e Multiple output: predict the output separately for each music attribute
and the family token

Positional D Wi Wy k
Encoding ¥ Linear -
‘_l—‘ t 3 t
Linear -
. e []
concatenation _ !
T — ' Transformer
1 1 t - Causal self-attention layers
W11 We—1,K j x*T—l

Compound Word Transformer: Learning to compose full-song music over dynamic directed hypergraphs, Hsiao et al, AAAI 2021



Compound Word Transformer

e The shorter token length helps training the transformer model
A whole song (up to 10,240 tokens) can be fed into the model on a single

(b) CP+linear

O
GPU with T1GM RAM
o The model converges within 1.5 days using an NVIDIA RTX 2080 Ti
o In addition, the model generates richer and diverse content
T N _ . Training GPU Inference (/song)
Task Representation 4+ model@loss time memory | time (sec) tokens (#)
Training data — — — —
Training data (randomized) — — — —
Conditional TREMIFXTC@o44 Jdays 4GB 884 47182
eRcaIne REMI + XL@0.27 7days 4GB 91.5 4.890
Sl e s S T Lo ol
CP  + linear@0.27 0.6days  10GB 29.2 18,200
Unconditiona]  REMI + XL@0.50 Idays 4GB 139.9 7.680
Y CP 4+ linear@0.25 13days 4GB 19.8 9,546

https://qithub.com/YatingMusic/compound-word-transformer

Figure 3: Piano-rolls of middle 64 bars of random generated
pieces of two models in the unconditional setting. We see
richer and diverse content in the result of CP+linear.

Compound Word Transformer: Learning to compose full-song music over dynamic directed hypergraphs, Hsiao et al, AAAI 2021


https://github.com/YatingMusic/compound-word-transformer
https://github.com/YatingMusic/compound-word-transformer
https://github.com/YatingMusic/compound-word-transformer
https://github.com/YatingMusic/compound-word-transformer
https://github.com/YatingMusic/compound-word-transformer

Octuple

e A supertokenis composed of eight music element tokens
o Note family and metric family tokens are combined
o Sequences becomes four times shorter than those in REMI
o The eight element preserve more rich note contexts

Octuple mask Bar-level mask
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(8PMyn ) (BPMyy )| (BPM, | | [(BPML ) [(BPM,, ]| (BPM,y, ]
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1 2 3 4 5 & 12 3 45 6 7 8 9 10 11 12 13 14 15 16
(a) OctupleMIDI encoding. (b) CP-Like encoding.
8 2 = g E o " El 5| o o E S ool o Bl H o e
I () S L e | WP g 52 A 5 ) = || | | P P | | O (=1 Py | | O
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(c) REMI-Like encoding.

MusicBERT: Symbolic Music Understanding with Large-Scale Pre-Training, Mingliang Zeng et al., ACL 2021 Findings



MusicBERT

e Train the BERT model (Masked language model) with the Octuple token

sequence

o Masking: Octuple masking, bar-level masking

Positional
| O
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Linear
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Embeddings
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token i
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MusicBERT: Symbolic Music Understanding with Large-Scale Pre-Training, Mingliang Zeng et al., ACL 2021 Findings



MusicBERT

e Downstream tasks

Melody Completion Accompaniment Suggestion Classification
Model vap HITS HITS HITS HITS ., HITS HITS HITS HITS Genre Style

@1 @5 @10 @25 @] @5 @20 @25 F1 F1
melody2vecr 0.646 0.578 0.717 0.774 0.867 - - - - - 0.649 0.299
melody2vecy 0.641 0571 0712 0.772 0.866 - - - - - 0.647 0.293
tonnetz 0.683 0545 0.865 0946 0993 0423 0.101 0407 0628 0897 0.627 0.253
pianoroll 0762 0.645 0916 0967 0995 0.567 0.166 0541 0720 0921 0.640 0.365
PiRhDycn 0.858 0.775 0966 0.988 0.999 0.651 0.211 0.625 0812 0965 0.663 0.448
PiRhDycm 0971 0950 0995 0.998 0.999 0.567 0.184 0540 0.718 0919 0.668 0.471

MusicBERTsnan 0982 0971 0996 0999 1.000 0930 0329 0.843 0993 0997 0.761 0.626
MusicBERTyae 0985 0975 0997 0999 1.000 0946 0333 0857 099 0998 0.784 0.645




ABC Notation Tokenization

e Comparison of ABC notation tokenization

Andante [
7 ‘ ~ T T ——
! *

[V:1]"AAndante" B e2 d B F2 B |[V:2]B, F.D,F, B,,F.D,F, [\n == S-S e ———=———

Score Text —T1 T
[V:1)g/f/e/d/ c/B/A/B/ c F2 ¢ |[V:2]A, FEF, A, FEF [\n E——————— 3 ==

i  — | ) —

N
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¥
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Bar Patching [V:1]"rAndante" Be2 d B F2 B |[V:2]B,,FD,F, B, F,D,F, |\n[V:1]g/f/e/d/ c/B/A/B/ cF2 c |[V:2]A,FE,F A, FEF |\n
Bar-stream Patching [V:1]"*Andante" Be2 d B F2 B |[V:2]B,,F,D,F, B,,F.D,F, |\n[V:1]g/f/e/d/ c/B/A/B/ c F2 c |[V:2]A, EE,F A,FE,F |\n
Line-stream Patching [V:1]"AAndante" B e2 d BF2 B |[V:2]B,,F.D,F, B,,FD,F, |\n[V:1]g/f/e/d/ c/B/A/B/ c F2 c |[V:2]A, FE,kF A, FEF |\n
Byte Patching [V:1]"AAndante" Be2 d BF2 B |[V:2]B,,FD,F, B,,F,D,F, |\n[V:1]g/f/e/d/ c/B/A/B/c F2 c |[V:2]A,,FE,F A,FEF, |\n

BPE [V:1]"AAndante" B e2 d B F2 B |[V:2]B,,F,D,F, B, F,D,F, [\n[V:1]g/f/e/d/ ¢/B/A/B/ c F2 c |[V:2]A,F,EF, A, FEF, [\n

Exploring Tokenization Methods for Multitrack Sheet Music Generation, Wang et al., ISMIR LBD 2024



e Two GPT2 decoders: patch-level decoder + character-level decoder

Use bar-stream patching

Pretraining: language modeling

Fine-tuning: “period-composer-instrumentation” prompt

Reinforcement Learning: Direct Preference Optimization (DPO) with CLAMP2

O
O
©)
O

Prompt

Tune
Header

Tune
Body

%Classical o !
%Haydn, Joseph %Classicals Il EMEEEE:
%Chamber | [ L f
%end .
%%score [1]2]3]4] iﬁ': e e e e e e ; Character-level Decoder ’
L:1/8 ) » — — TT - T T] . T
Q:1/4=80 5 - o — | ; N nletRA mon
=, T = ey %Classical 1" AL
— 12 ; ; ‘ UABREDNEEN |
K:Bb v r
V:1 treble nm="Violin I" T —F e
V:2 treble nm="Violin II" E” - ; —— Patch-level Decoder J
V:3 alto nm="Viola" _ L. T - .
V:4 bass nm="Cello" P i e .
...... ) ? ' : - —
[r:13/32][V:1]!p!"AA" (F2| [ Linear Projection of Flattened Bar-stream Patches ]
[r:14/31][V:1].£2) (2 e2) | [V:2]22 z21p! (F2| T 1 T i
:15/30][V:1]._d2 (d2 c2)|[v:2].f2) (f2 e2) | [V:3]z2 z21p! (F,2|[V:4]z2 z2!p! (F,,2
[r:15/30][V:1]._d2 (d2 c2)|[V:2].f2) (f2 e2) | [V:3]z2 22!p! (F,2|[V:4]22 z2!p! (F,2| - SClassical [r-13/32][V:1] ] 1A (F2)

[r:16/29][V:1].B2 (B2 A2)|[V:2]._d2 (d2 c2)|[V:3].F2) (F2 E2) |[V:4].F,2) (F2 E,2)|

https://electricalexis.github.io/notagen-demo/

NotaGen: Advancing Musicality in Symbolic Music Generation with Large Language Model Training Paradigms, Yashan Wang, Arxiv, 2025


https://electricalexis.github.io/notagen-demo/
https://electricalexis.github.io/notagen-demo/
https://electricalexis.github.io/notagen-demo/

2D Models

e Generate music data as a 2D matrix using image generation models
o VAE, GAN, Diffusion

Decoder/
Generator

random sample

Time Representation
z~N (0» I) Fully-connected

Layers



MIDINet

e Convolutional GAN for one-bar melody generation
o Generate a piano-roll matrix
o Conditioned on the previous bar or on the chord

Conditioner CNN -
#\\ convi  conv2 conv3  convéd 8 )
2D " 20 cOnd- i'ions
ONalitiop \\\ S T " ONditions
X e project and reshape
T project and reshape o =T
Conpis: A -
I% ) ..\.h .n'\..
- ..\ ..\. |
[;\“\7\\ P et Xor G i [0,1]
project and reshape ‘ Uaggmfed lrar;';:\oesed "322,‘:3;” lranged convl conv2 fully connected output
Generator CNN Discriminator CNN

Demo page: https://richardyang40148.github.io/TheBlog/midinet_arxiv_demo.html

MidiNet: A Convolutional Generative Adversarial Network for Symbolic-domain Music Generation, Yang et al., ISMIR, 2017


https://richardyang40148.github.io/TheBlog/midinet_arxiv_demo.html
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