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Piano Roll Representation



Player Piano (1900)

Time

Pitch

J.S. Bach, C-Major Fuge 

(Well Tempered Piano, BWV 846)

Piano Roll Representation (MIDI)

Query: 

Goal:  Find all occurrences of the query

Piano Roll Representation (MIDI)

Matches: 

Piano Roll Representation (MIDI)

Query: 

Goal:  Find all occurrences of the query

Music Retrieval

Query

Database

Hit

Bernstein (1962) 
Beethoven, Symphony No. 5

Beethoven, Symphony No. 5:
 Bernstein (1962) 
 Karajan (1982) 
 Gould (1992)

 Beethoven, Symphony No. 9
 Beethoven, Symphony No. 3
 Haydn Symphony No. 94

Audio-ID

Version-ID

Category-ID

Music Synchronization: Audio-Audio

Beethoven’s Fifth



Music Synchronization: Audio-Audio
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Beethoven’s Fifth

Orchester
(Karajan)

Piano
(Scherbakov)

Music Synchronization: Audio-Audio
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Beethoven’s Fifth
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(Scherbakov)
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Im

ag
e

Au
di

o

Music Synchronization: Image-Audio

Im
ag

e
Au

di
o

Application: Score Viewer
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Audio Processing: Fourier Analysis
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Audio Processing: Fourier Analysis

Image Processing: Optical Music Recognition

Music Synchronization: Image-Audio
Deep Learning Approach 

Cross-Modal Retrieval
Dorfer et al.: End-to-End Cross-Modality
Retrieval with CCA Projections and Pairwise
Ranking Loss. International Journal of
Multimedia Information Retrieval, 2018.

 Cross-modal embedding
 Requires corresponding snippets 

of audio and sheet music for 
training

 Triplet Loss functionmax 0,𝑑 𝑥 ,𝑦 𝑑 𝑥 , 𝑦  α
 Problem very hard

– Performance variations
– Layout variations

Automatic Music Transcription
Task: Convert a music recording into sheet music

Music 
Transcription

Music Transcription
Bentos et al.: Automatic Music 
Transcription: An Overview. 
IEEE Signal Processing 
Magazine 36(1), 2019.



Automatic Music Transcription
Task: Convert a music recording into sheet music

(or another symbolic music representation)

Music 
Transcription

Music Transcription
Bentos et al.: Automatic Music 
Transcription: An Overview. 
IEEE Signal Processing 
Magazine 36(1), 2019.

Automatic Music Transcription
Task: Convert a music recording into sheet music

(or another symbolic music representation)

Music 
Transcription

Multitask Learning for estimating
 pitches,
 note onsets & offsets,
 beat & measure positions,
 musical voices & instrumentation,
 pedalling, dynamics, …

Why is Music Processing Challenging?

Chopin, Mazurka Op. 63 No. 3 Example:
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Why is Music Processing Challenging?

 Waveform / Spectrogram

 Performance
– Tempo
– Dynamics
– Note deviations
– Sustain pedal

Chopin, Mazurka Op. 63 No. 3 Example:



Why is Music Processing Challenging?

 Waveform / Spectrogram

 Performance
– Tempo
– Dynamics
– Note deviations
– Sustain pedal

 Polyphony

Chopin, Mazurka Op. 63 No. 3 Example:

Main Melody

Accompaniment
Additional melody line

 Decomposition of audio stream into different sound sources

 Central task in digital signal processing

 “Cocktail party effect”

Source Separation

Source Separation

 Decomposition of audio stream into different sound sources

 Central task in digital signal processing

 “Cocktail party effect”

 Several input signals

 Sources are assumed to be statistically independent

Source Separation (Music)

Time

Time

 Main melody, accompaniment, drum track

 Instrumental voices

 Individual note events

 Only mono or stereo

 Sources are often highly dependent

Singing Voice Extraction

Singing voice Accompaniment

Original Recording

Singing Voice Extraction

Original recording HPR

Harmonic component Residual componentPercussive component

Harmonic portion  
singing voice

MR TR SL

F0 annotation

Harmonic portion  
accompaniment

Fricatives
singing voice

Instrument onsets
accompaniment

Vibrato & formants
singing voice

Diffuse instruments sounds
accompaniment

+ +

Estimate
singing voice

Estimate
accompaniment

Time
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Traditional Approach 
Driedger, Müller: Extracting 
Singing Voice from Music 
Recordings by Cascading 
Audio Decomposition 
Techniques. ICASSP 2015.



Singing Voice Extraction

Singing voice Accompaniment

Original Recording

Reference voices:

Engineering approach:

Deep learning approach:

Deep learning
has lead to
breakthrough

DL-Based Approach
Stöter, Uhlich Luitkus, 
Mitsufuji: Open-Unmix – A 
Reference Implementation 
for Music Source 
Separation. JOSS 2019. 

Score-Informed Audio Decomposition
Exploit musical score to support decomposition process

Prior 
Knowledge
Ewert, Pardo, 
Müller, Plumbley: 
Score-Informed 
Source Separation 
for Musical Audio 
Recordings.
IEEE SPM, 2014.

Score-Informed Audio Decomposition
Exploit musical score to support decomposition process
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NMF-based spectrogram decomposition

Score-Informed Audio Decomposition
Exploit musical score to support decomposition process

0 2 4 6 8

500

0

1000

1500

Time (seconds)

Fr
eq

ue
nc

y
(H

z)

54

500

0

1000

1500

Note number

Fr
eq

ue
nc

y
(H

z)

2 4 6 8
Time (seconds)

≈

55 57 59 63 64 71 72
54
55
57
59
63
64
71
72

N
ot

e 
nu

m
be

r

0 2 4 6 8
Time (seconds)

54
59

64

72

N
ot

e 
nu

m
be

r

0

NMF-based spectrogram decomposition

Score-Informed Audio Decomposition
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Application: Audio editing

Informed Drum-Sound Decomposition

Demo: https://www.audiolabs-erlangen.de/resources/MIR/2016-IEEE-TASLP-DrumSeparation
Literature: [Dittmar/Müller, IEEE/ACM-TASLP 2016]

Remix:



Audio Mosaicing
Source signal: BeesTarget signal: Beatles–Let it be

Mosaic signal: Let it Bee

Demo: https://www.audiolabs-erlangen.de/resources/MIR/2015-ISMIR-LetItBee
Literature: [Driedger/Müller, ISMIR 2015]

Motivic Similarity

Beethoven’s Fifth (1st Mov.)

Beethoven’s Fifth (3rd Mov.)

Beethoven’s Appassionata

Motivic Similarity Motivic Similarity

B         A       C       H 

Computational Analysis of 
Traditional Georgian Vocal Music

 Partner:  Prof. Frank Scherbaum 
Potsdam University

 Duration: 2018 – 2022

 Objectives
– Harmonic and melodic singing analysis
– New sensors (larynx microphones)
– Digital humanities

https://www.audiolabs-erlangen.de/resources/MIR/2017-GeorgianMusic-Erkomaishvili
https://www.audiolabs-erlangen.de/resources/MIR/2018-ISMIR-LBD-ThroatMics

Traditional Georgian Vocal Music
Which scale? Harmonic/melodic intervals? Singer interaction?



Traditional Georgian Vocal Music

Bass voiceMiddle voiceLead voice

Lead voice Lead voice
Middle voice

 Master chanter: Artem Erkomaishvili
 Recordings of 100 songs (1966)
 Example song: Da sulisatsa (#87)

Traditional Georgian Vocal Music
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 Master chanter: Artem Erkomaishvili
 Recordings of 100 songs (1966)
 Example song: Da sulisatsa (#87)
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 Peak at 350 cents (between minor and major third)
 Non-western temperament

Automated Methods and Tools for 
Analyzing and Structuring Choral Music

 Partner:  Carus-Verlag

 Duration: 2018 – 2021

 Objectives
– Navigation, visualization, sonification of musical structures
– Practicability & applications (music education, musicology)
– Web-based prototypes for interactive interfaces 

https://www.audiolabs-erlangen.de/resources/MIR/2018-ISMIR-LBD-Carus



Computer-Assisted Analysis of 
Harmonic Structures 

 Partner:  Prof. Rainer Kleinertz
Saarland University 

 Duration: 2014 – 2023

 Objectives
– Computer-assisted harmonic structures
– Beethoven’s Piano Sonatas
– Wagner‘s “Der Ring des Nibelungen”

Weiß, Kleinertz (Ringvorlesung, 10.01.2022):
Neue Wege für die Musikforschung mittels Digitaler Signalverarbeitung II

Fundamentals of Music Processing (FMP)

Meinard Müller
Fundamentals of Music Processing
Audio, Analysis, Algorithms, Applications
Springer, 2015

Accompanying website: 
www.music-processing.de

Fundamentals of Music Processing (FMP)

Accompanying website: 
www.music-processing.de

Meinard Müller
Fundamentals of Music Processing
Audio, Analysis, Algorithms, Applications
Springer, 2015

2nd edition
Meinard Müller
Fundamentals of Music Processing
Using Python and Jupyter Notebooks
Springer, 2021

Fundamentals of Music Processing (FMP)

Accompanying website: 
www.music-processing.de

Meinard Müller
Fundamentals of Music Processing
Audio, Analysis, Algorithms, Applications
Springer, 2015

2nd edition
Meinard Müller
Fundamentals of Music Processing
Using Python and Jupyter Notebooks
Springer, 2021

FMP Notebooks: Education & Research

https://www.audiolabs-erlangen.de/FMP

FMP Notebooks



FMP Notebooks

Structured in 10 parts

FMP Notebooks
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 Part B: Basic introductions to 
– Jupyter notebook framework
– Python programming 
– Other technical concepts 

underlying these notebooks
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 Part 0: Starting notebook
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Different music processing 
scenarios

FMP Notebooks

Structured in 10 parts

 Part B: Basic introductions to 
– Jupyter notebook framework
– Python programming 
– Other technical concepts 

underlying these notebooks

 Part 0: Starting notebook

 Part 1 to Part 8:
Different music processing 
scenarios

Part 6: Tempo and 
Beat Tracking

Part 6: Tempo and 
Beat Tracking

 When listening to a piece of 
music, we as humans are 
often able to tap along with 
the musical beat 

 Automated beat tracking: 
Simulate this cognitive 
process by a computer



Talk Outline

https://www.audiolabs-erlangen.de/FMP

Talk Outline

https://www.audiolabs-erlangen.de/FMP

Basics + 8 Chapters 

Talk Outline

Basics + 8 Chapters Tempo and Beat Tracking

https://www.audiolabs-erlangen.de/FMP

Tempo and Beat Tracking

Talk Outline
Tempo and Beat Tracking

Talk Outline
Tempo and Beat Tracking

Explanations

Mathematics
Theory



Talk Outline
Tempo and Beat Tracking

Talk Outline
Tempo and Beat Tracking

Music Examples

Audio

Links

Annotations

Talk Outline
Tempo and Beat Tracking

Talk Outline
Tempo and Beat Tracking

Algorithms
Python Code

Functions

Talk Outline
Tempo and Beat Tracking

Talk Outline
Tempo and Beat Tracking

Visualization

Results

Evaluation

Sonification



FMP Notebooks

Understanding

Programming

Baselines

Research

Multimedia

Teaching

Mathematics

Theory

Music Example

Audio

Links

Annotations

Algorithms

Python Code Functions Visualization

Results

Evaluation

Sonification
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Resources (Group Meinard Müller)

 FMP Notebooks: 

https://www.audiolabs-erlangen.de/FMP

 libfmp: 

https://github.com/meinardmueller/libfmp

 synctoolbox: 

https://github.com/meinardmueller/synctoolbox

 libtsm: 

https://github.com/meinardmueller/libtsm

 Preparation Course Python (PCP) Notebooks: 

https://www.audiolabs-erlangen.de/resources/MIR/PCP/PCP.html

https://github.com/meinardmueller/PCP

Resources
 librosa: 

https://librosa.org/

 madmom: 

https://github.com/CPJKU/madmom

 Essentia Python tutorial: 

https://essentia.upf.edu/essentia_python_tutorial.html

 mirdata: 

https://github.com/mir-dataset-loaders/mirdata

 open-unmix: 

https://github.com/sigsep/open-unmix-pytorch

 Open Source Tools & Data for Music Source Separation:

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


