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Motivation
Music consumption 2000

MName Typ i Grofe Crdner 5
|$] 01 - Track 1 MP3-Audioformat 6.600 KB Afterworld - Dark ...
|ﬂ 01-Track 1 MP3-Audioformat 6613 KB Eidelon - Hallowe...
|4 01 -Track1 MP3-Audioformat 5214 KB Symphony X - Da...
|i| 01 TRACK 1 MP3-Audicformat 8.705 KB Pain Of Salvation ... N
|i| 02 - Track 2 MP3-Audioformat 3.222KB Symbyosis - Crisis...
|#] 02 - Track 2 MP3-Audioformat 6517 KB  Afterworld - Dark ...
|£| 02 - Track 2 MP3-Audioformat 7285 KB Eidolon - Hallowe... =
|&] 02 -Track 2 MP3-Audioformat BJ7T4 KB Symphony X - Da...
[#] 02__ TRACK 2 MP3-Audioformat 1.938 KB  Pain Of Salvation ...
@ 03 - Track 2 MP3-Audioformat 8221 KB Symbyosis - Crisis...
|#] 03 - Track 3 MP3-Audioformat 1077 KB Afterworld - Dark ... W
|i| 03 - Track 2 MP3-Audioformat 7067 KB  Eidolon - Hallowe...
|#] 03 Track3 MP3-Audioformat 71924 KB Symphony X - Da...
|ﬂ 03__ TRACK 3 MP3-Audioformat 9195 KB  Pain Of Salvation ...
|£| 03_nightwish-nightquest_{japanese_bonustrack)-amrc MP3-Audioformat 5934 KB Mightwish - The_...
|d] 04 -- The way it used to be { non Ip track ) MP3-Audioformat 9206 KB  dreamtheater - 19...
| 04 - Track 4 MP2-Audioformat 4716 KB Symbyosis - Crisis...
|ﬂ 04 - Track 4 MP3-Audioformat 7264 KB Afterworld - Dark ...
|4 04 - Track 4 MP3-Audicformat 7849 KE Eidolon - Hallowe..
|&] 04 -Track4 MP3-Audioformat 5722KB Symphony X - Da...
|i| 04 TRACK_4 MP3-Audicformat 12835 KE Pain Of Salvation ...
|#] 05 - Track 5 MP3-Audioformat 6.687 KB Symbyosis - Crisis...
|£| 05 - Track 5 MP3-Audioformat 7019 KB Afterworld - Dark ...
|4 05 - Track 5 MP3-Audioformat 7647 KB  Eidolon - Hallowe...
|| 05 -Track 5 MP3-Audioformat 6150 KB Symphony X - Da...




Motivation

Music consumption 2000

| want to play that!
Automatic transcription
Melody extraction
Chord recognition
Key determination

\ /

' _ __ What s representative?
Iil 03 - Track 3 Audio Thumbnailing

Which song? Structure analysis

Audio identification \

o , Similar artists?
Similar songs” Genre classification

Cover song identification Music recommendation
Audio similarity search

Which content?
Speech / music / noise?
Audio classification




Motivation
Music consumption 2020

| want to play that!
Automatic transcription
Melody extraction
Chord recognition
Key determination

\ /

@ Spotify & = DEEZER _ What is representative?
Audio Thumbnailing
Structure analysis

Which content?
Speech / music / noise?
Audio classification

. _— =_=
Which song? amazonmusic

Audio identification \

o , Similar artists?
Similar songs” Genre classification

Cover song identification Music recommendation
Audio similarity search




Motivation
Music consumption 2020

40 000 000 Tracks 53 000 000 Tracks

\ /

& spotify #4 DEEZER
30 000 000 Tracks —>  amazonfitiic | «— 50000 000 Tracks

o , Similar artists?
Similar songs” Genre classification

Cover song identification Music recommendation
Audio similarity search
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Music Genre Classification

world music JAZZ

HipHop P°P Rock
"classical"



Music Genre Classification

world music JAZZ

Baroque Classical Romantic Modern

E: BEq: B BEQ:

J. S. Bach, L. van Beethoven, R. Schumann, A. Webern,

Brandenburg Concerto Fidelio, Overture, Sonata No. 2 op. 22, Variations for Orchestra op. 30
No. 2 in F major, I. Allegro,  Slovak Philharm. II. Andantino Ulster Orchestra

Cologne Chamber Orch. B. Glemser, Piano



Music Genre Classification

world music JAZZ

Subgenre
Cateqories: / \

period /Fra- Baroque Classical Romantic Modern 7

/ [\

Sub-era Pre-Classical Early Rom. Late Rom. - "style”

/N

Composer Schubert Mendelssohn »




Style Classification: Dataset

Stamitz, Johann
Bach, Carl Philipp Emanuel
Mozart, Leopold

i -
Haydn, Johann Michael
Amadeus

Weber, Carl Maria von
Schubert, Franz
Mendelssohn-Bartholdy, Felix

= 2000 tracks
(movements)

= piano and orchestra o i

balanced | - .

Mabhler, Gustav
Debussy, Claude
Ravel, Maurice
Strauss, Richard
Berg, Alban
Jean

Ives, Charles Edward

Prokofiew, Serge]
Varese, Edgar
Weill, Kurt

Antheil, George
Milhaud, Darius
Shostakovich, Dmitr

1 1 1

1650 1700 1750 1800 1850 1900

2000

1950
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Style Classification: Dataset
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|
Style Classification: Dataset

Alban

o Berg,
Sibelius, Jean
‘Schoenberg, Amold
‘Bartok,Bela
Ives, Charles Edward
Webern, Anton
Prokofiew, Sergej

Varese, Edgar
Weill, Kurt

Antheil, George
'Milhaud, |
Shosla

Britten, Benjamin
Boulez, Pierre

T — 1 IR SR TR RN S S T SR R S ' 1 P S S I T S S SR (R S S S S |

1650 1700 1750 1800 1850 1900 1950 2000




Style Classification: Eras

Chopin, Frederi
Berlioz, Hector
Wagner, Richard

, Johannes

Tohaikovsky, Peter ljitsch
Dvorak, Antonin

Grieg, Edvard __|
Rimsky-Korsakov, Nicolai
Saint-Saens, Camille
Faure, Gabriel
. Berg, Alban .
‘Schoenberg, Amold
‘Bartok,Bela
Ives, Charles Edward
Webern, Anton H
(Prokofiew, Sergej
Varese, Edgar
Weill, Kurt

1750 1850

1800

1900 1950 2000

1650 1700



|
Style Classification: Eras

Baroque

Jos:

aydn, Jos n L]
Haydn, Johann Michael
IR Amadeus aSS I Ca

Salieri, Antonio

Pleyel, Ignace Joseph

oldy, Felix
Chopin, Frederic

Berlioz, Hector

Wagner, Richard

Liszt, Féa‘n; e : .
- 1 600 tr k Smetana, Bedric : R t

Verdi, Giuseppe l I I
a C S Schumann, Clara . O a n IC
Borodin, Alexander
Bruckner, Anton 4 :

(movements) |

" Tehaikovsky, Peter llitsch

= piano and orchestra ‘
‘Schoenberg, Armold
‘Bartok,Bela

balanced
| Modern

Berg, Alban

Webern, Anton

Varese, Edgar
Weill, Kurt

Antheil, George
Milhaud, Darius

[l Shostakovich, Dmitri

Britten, Benjamin

i Boulez, Pierre
1 I L I

1900 1950 2000

1850

1800

1750

1700

1650




Style Classification: Eras

= Balanced: 800 piano tracks (p), 800 orchestra tracks (0)
= Each 200 tracks — 1600 in total

P 0
Modern Baroque

Romantic Classical
0 P

Classification problem
4-class problem



|| 03 - Track 3

Black box

—% Romantic



Style Classification: Machine Learning

|| 03 - Track 3

\
B -



Style Classification: Machine Learning

&| 01 Mozart, Sonata —_— —> C(Classical
4| 01 Bach, Concerto —_—> —> Baroque
& | 01 Shostakovich, Prelude =—» \ —> Modermn
4| 01 Haydn, Symphony = == S \ - (Classical
4| 02 Brahms, Piano trio =3 —> Romantic
'] 02 Schumann, Song e ; —> Romantic
& 02 Verdi, Aria — —  [Romantic
4| 02 Schiitz, Chorale —_— —> Baroque
4| 02 Schénberg, Quintet — =—— —> Modern



.+'| 01 Mozart, Sonata
4| 01 Bach, Concerto
+' | 01 Shostakovich, Prelude

J| 01 Haydn, Symphony

= |

4| 02 Brahms, Piano trio

4 02 Schumann, Song
+ 02 Verdi, Aria
< 02 Schitz, Chorale

&1 02 Schénberg, Quintet

e |

y

—

llllll

Black box

L

Classical
Baroque
Modern
Classical
Romantic
Romantic
Romantic
Baroque
Modern



Style Classification: Machine Learning

= Experimental design: Evaluation with Cross Validation (CV)

= Separate data into different parts (folds)
Fold 1 Fold 2 Fold 3

Round 1| Training fold Training fold Test fold
Round 2| Training fold Test fold Training fold
Round 3 Test fold Training fold Training fold

= Distribution of classes balanced for all folds

Baroque
Classical

S e [



Style Classification: Machine Learning

~—
Signal processing Machine Learning

feature classifier
extraction training
feature e .
) classification
extraction

Modern Barogue

Romantic Classical

comparison

evaluation



Style Classification: Feature extraction

P

Signal processing

feature
extraction

feature
extraction




|
Style Classification: Feature extraction

= Standard approach (content-based)
= Supervised machine learning

= Based on spectral / timbral features



|
Recall: Spectral Features

— independent of exact pitches
— describe timbral properties (sound color)

,Standard features” for genre classification

Frequency bands: Loudness, Spectral Flatness, Spectral Centroid

MIDI pitch number
Salience / Likelihood

1 2 3 4 5 6 7 8 9 10 11 12 13 14

Time (seconds)



Style Classification: Feature extraction

= Standard approach (content-based)
= Supervised machine learning

= Based on spectral / timbral features
= |n classical music — Instrumentation

= Better categories?
= Musical style
= |ndependent from instrumentation

= — Tonality / Harmony



A
Recall: Chord Type and Interval Features

I W RN 1

o ™ emam

I CHD T
LI I

w

= Chromagram

o 8 » %

0.6

Pitch class
(=) M
= M M H*

Salience

> D 0.2
-~ C#
1 2 3 4 5 6 7 8 9 10 11 12 13 14
Time (seconds)
" Chord typeS Augmented 003
Dimished 002 &
Minor T
. 0.01 0
a4 T L)
1 2 3 4 5

6 7 8 9 10 11 12 13 14
Time (seconds)
0.3

= Interval categories Tritone

Fourth / fifth| JJlI Pl 02
Major third / minor sixth i |
Minor third / major sixth | | iR B R 01
I

Salience

Major second / minor seventh I}
Minor second / major seventh
1 2 3 4 5 6 7 8 9 i0 11 12 13 14

Time (seconds)

— transposition-invariant features!



Recall: Tonal Complexity Features

= Realization of complexity measure I
= Entropy / Flathness measures

= Distribution over Circle of Fifths

=20

= Relating to different time scales!



A
Recall: Tonal Complexity Features

0.8

0.6

04

0.2

0
—
2 — —X— - Entropy
x
% - % - Flatness
g —+— Fifth Width
© 0.2 4

0 | | | ] ] ] ] | ] | | | ] ] ] ] ] | | |




Tonal Complexity Features

Recall

epon

700
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600
Exposition
Development

500
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400
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X
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+

200 300
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100

600
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400
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100

584
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168
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Beethoven Sonatas, 1st movements



e ——
Recall: Tonal Complexity

1 i 1 1
—~
.-E' 09y —— Complexity Global
5
o - == Complexity Mid-scale
€ 08
8 ‘== Complexity Local

o
N
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12...16 frequency bands
/ q y

Style Classification: Feature extraction
/ 4 time scales

Standard mm

MFCC
OSC

ZCR

ASE

SFM

SCF

SC
LoglLoud
NormLoud

Sum
Mean & Std
Total

14
1

16
16
16
16
12
12

119

238

Interval categories

Chord types
Complexity

Chord transitions

Sum
Mean & Std
Total

6 x4
4 x4
/x4
11 x5

123
X 2
246



Style Classification: Machine Learning

~—
Signal processing Machine Learning

feature classifier
extraction training

Modern Barogue

Romantic Classical

feature
extraction

/N

standard tonal
features features
(timbre) (harmony)

classification




Style Classification
Overview

Machine Learning pipeline:
= Feature extraction

= (Classification



Style Classification: Machine Learning

~—
Signal processing Machine Learning

feature classifier
extraction training

Modern Barogue

Romantic Classical

feature
extraction

classification




classifier
training

classification




Style Classification: Machine Learning

= Supervised machine learning

feature S dlmen5|o_nallty S cIas_S|f|er
extraction reduction training
feature dimensionality

) i —>| classification |—>
extraction reduction




Dimensionality Reduction

= Reduce feature space to few dimensions (prevent curse of dimensionality)
= Maximize separation of classes with Linear Discriminant Analysis (LDA)
= Using standard features (MFCC, spectral envelope, ...)

-18 T T T o) T T
—16 =
ol 14k + i
% +  Barogue
E e + i O  Classical
5 " * Romantic
.+.
g _do kL o | u Modern
8l i
[m]
_6 1 1 1 1 1 1
22 20 18 16 14 12 10 8

Discriminant 1



Dimensionality Reduction

= Reduce feature space to few dimensions
= Maximize separation of classes with Linear Discriminant Analysis (LDA)
= Using tonal features (interval, triad types, tonal complexity, ... 4 time scales)

17

16 -
15+ -
(e
= 14F -
% +  Barogue
t: n
£ 13 - ) O  Classical
_S X Romantic
] — o
A 12 =! O Modern
11F -
10 -
g 1 1 1 L 1
28 -26 24 ) -20 -18 -16

Discriminant 1



Dimensionality Reduction

= Reduce feature space to few dimensions

= Maximize separation of classes with Linear Discriminant Analysis (LDA)
= Using tonal & standard features

QA

% i +  Barogue
E O  Classical
£ 1 * Romantic
[42]

) O  Modern

Discriminant 1



Dimensionality Reduction

= Reduce feature space to few dimensions

= Other methods (supervised):
= (DNN-based) Autoencoder

= Feature selection

= Other methods (unsupervised):
= Principal component analysis (PCA)

= Nonnegative matrix factorization (NMF)



|
Classification Methods

= k Nearest Neighbours (kNN)

Scatter plot of Spectral Flatness vs. Spectral Centroid

600
@® Singing Voice
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500 o @® Unknown data
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300
5 o ® o %o _ o
(@]
g ® o © o ° ®
200 Py e O
o O o ®
° * % o
100 o ® o ®
e o o°
o
. 0
Slides: 0 0.1 0.2 03 04 05 06 07 08 09 1

Christian Dittmar Spectral Flatness



|
Classification Methods

= k Nearest Neighbours (kNN)

Scatter plot of Spectral Flatness vs. Spectral Centroid
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|
Classification Methods

= Decision Trees (DT)

Scatter plot of Spectral Flatness vs. Spectral Centroid
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® Unknown data
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Christian Dittmar Spectral Flatness



N
Classification Methods

= Random Forests (RF)

Scatter plot of Spectral Flatness vs. Spectral Centroid
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|
Classification Methods

= Gaussian Mixture Models (GMM)

Scatter plot of Spectral Flatness vs. Spectral Centroid
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|
Classification Methods

= Gaussian Mixture Models (GMM)

Scatter plot of Spectral Flatness vs. Spectral Centroid
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|
Classification Methods

= Support Vector Machines (SVM)

Scatter plot of Spectral Flatness vs. Spectral Centroid
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|
Classification Methods

= Deep Neural Networks (DNN)

Scatter plot of Spectral Flatness vs. Spectral Centroid
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|
Classification Methods

= Deep Neural Networks (DNN)

Scatter plot of Spectral Flatness vs. Spectral Centroid
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|
Classification Methods

Gaussian Mixture Models (GMM)

Scatter plot of Spectral Flatness vs. Spectral Centroid
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Classification Results

= Gaussian Mixture Model (GMM) classifier, LDA reduction, 3-fold cross

validation
Standard features 87 % 88 % 85 %
Tonal features 84 % 84 % 86 %

Combined 92 % 86 % 80 %



Classification Results

= Gaussian Mixture Model (GMM) classifier, LDA reduction, 3-fold cross

validation
Standard features 87 % @ 85 %
Tonal features 84 % 84 % 86 %
Combined 92 % 86 % 80 %

Overfitting???



Classification Results: Album Effect

= Gaussian Mixture Model (GMM) classifier, LDA reduction, 3-fold cross

validation
Standard features 87 % 88 % 85 %
Tonal features 84 % 84 % 86 %
Combined 92 % 86 % 80 %

training test

Baroque
Classical

ke |




Classification Results: Album Effect

= GMM classifier, LDA reduction, 3-fold cross validation
= No composer filter

Standard features 87 % 85 %

Tonal features 84 % 84 % 86 %
Combined 92 % 86 % 80 %

= Using composer filter

Standard features 54 % - 70 %
Tonal features 73 % 70 % 78 %
Combined 68 % 44 % 68 %



Classification Results: Confusion Matrix

80 tonal features, GMM with 1 Gaussian, LDA, composer filtering
Full dataset

Mean accuracy: 75 %

= |nter-class standard deviation: 6.7 %

Baroque

Classical

Romantic

Era (correct)

Modern

16.8

N o o

& & g
$

o o® Q° N

Era (classified)

9(,@



Classification Results: Unseen Data

= Training on piano, evaluating on orchestra — mean acurracy 65 %

= Training on orchestra, evaluating on piano — mean acurracy 64 %

= Evaluation on completely unseen data (composer dataset)

= |gnoring Beethoven & Schubert

= Mean accuracy 62.3 % Classified Fra Baroque Classical Romantic Modern
Bach 68 5 9 18
Handel 56 23 15 6
Rameau 69 22 6 3

Haydn 25 h 19 3
Mozart 28 5l 7 14
Beethoven 16 ¥ 38 9
Schubert 7 16 24 53
Mendelssohn 15 19 55 11
Brahms 6 13 69 12
Dvorak 14 17 65 4

Shostakovich 15 2 8 5




Classification Results: Error Examples

= Look at consistently and persistently misclassified items

Class Composer Piece Classified

Baroque Bach, J. S. Well-Tempered Piano 1, Prelude in Eb minor BWV 853 Romantic | 4
Baroque Bach, J. S. Well-Tempered Piano 1, Prelude in F major BWV 856 Romantic >
Baroque Bach, J. S. Well-Tempered Piano 1, Prelude in A minor BWV 865 Romantic | 4
Baroque Bach, J. S. Well-Tempered Piano 1, Prelude in B> major BWV 866 Romantic |
Baroque Bach, J. S. Well-Tempered Piano 1, Prelude in B> minor BWV 867 Romantic >
Baroque Bach, J. S. English Suite No. 3 in G minor BWV 808, Sarabande Romantic | 4
Baroque Bach, J. S. Brandenburg Conc. No. 1 in F major BWV 1046, Adagio Romantic > IS
Baroque Bach, J. S. Overture No. 2 in Bminor BWV 1067, Badinerie Romantic | 4
Baroque Bach, J. S. Overture No. 3 in D major BWV 1068, Gigue Romantic >
Baroque Couperin, F. 27 Ordres, Huitieme ordre, IX. Rondeau passacaille Romantic >
Baroque Corelli, A. Concerto grosso op. 6 No. 2, III. Grave — Andante largo Romantic >
Baroque Lully, J.-B. Ballet de Xerces LWV 12, Gavotte en rondeau Romantic >
Baroque Purcell, H. Opera “Dido and Aeneas” Z. 626, Overture Romantic >
Baroque Vivaldi, A. “The Four Seasons,” RV 293 “Autumn,” Adagio molto Romantic >
Romantic Schumann, R. Kinderszenen op. 15, “Haschemann” Baroque >
Romantic Grieg, E. Holberg suite op. 40, Gavotte Baroque > IS
Romantic Mendelssohn, F. Symphony No. 4 in A major, IV. Saltarello, presto Baroque > :
Modern Shostakovich, D. Preludes & Fugues op. 87 Fugue No. 1 in C major Baroque >
Modern Shostakovich, D. Preludes & Fugues op. 87 Fugue No. 5 in D major Baroque >




What is actually learned?

Pay attention to:

= Overfitting

= Curse of dimensionality” — use dimensionality reduction
= Album effect

Evaluation: ,Figures of merit":

= Confusion matrix

= Error examples: Consistently misclassified items

= Listening tests

Evaluation on unseen data (no cross validation)



