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In A Nutshell

» GOAL: active music discovery
» MEANS: pitch content analysis

» CHALLENGE: data scarcity (and solution!)



BIMARL LS

Active Music Discovery



BIMARL LS

Music Recommmendation



0000 T-Mobile & 3:24 PM 26% 0> #0000 T-Mobile 00000 T-Mobile & 3:28 PM

< Joshua Redman Radio < Listen Now

It's Monday afternoon
Discover Weekly Play something for...

Discover Weekly

FOLLOWING

1 FOLLOWER o ( Focusing (No Summer Driving
. Lyrics) Break

» SHUFFLE PLAY
Recent activity

Recently played or added

Je:q%

Available Offline

I've Got You Under My Skin A

Joe Henderson INCLUDES
WLk
Tetragon Forget Regret hgTales
The RH Factor e Hard Groove -
. Uberjam * Catching *  TheReturn
Café De Flore Deux Tales Of The Spa...
Eectoh silhelUnnecessaryltiis fiDriRockit John Scofield @ ~ Jamie Culum @  Jamiroquai @
- N .l Camelus
A Nube Pegatina - Maqueta 41 >

John Scofield

Los Delinquentes



BIMARL 55 Active Search & Discovery



BIMARL 55 Active Search & Discovery
COVER SONG IO

;

Song A Versions?
I
Song B - Yes
Similarity = 0.92

(Salamon, Serra & Gomez, 2013)



BIMARL 55 Active Search & Discovery

COVER SONG IO @ueg\/«e\/«\—tuMM\Né

Song A Versions?

- -
- Yes!

Song B o
Similarity = 0.92

(Salamon, Serra & Gémez, 2013) (Salamon, Serra & Gémez, 2013)



BIMARL 55 Active Search & Discovery

COVER SONE 10

Song A Versions?

= Yes!

Song B o
Similarity = 0.92

3 3 1

(Pikrakis et al., 2012)




BIMARL 55 Active Search & Discovery

COVER SONE 10

Song A Versions?

[@ = Yes!

Song B o
Similarity = 0.92

bierrerein otk
s b7 db6 5 s & e

Exp2
c ¥

e o = ss it 22 i
R

Exp-4
brrre i
T = ot

c .__F_ E
bee e

(Pikrakis et al., 2012)

Multipitch Histogram
T T

T .MZH“‘

350 400

50 200 250 300
Frequency bins (1 bin = 10 cents), Ref: 55Hz

(Salamon, Gulati & Serra, 2012)

Normalized salience
© 9 9o 9 o 9o o o o
2SRE8RG6S8 68




BIMARL LS

Normalized salience
o o o o o 9o oo

COVER SONE 10

Song A Versions?

- -

Song B = Yes!

Similarity = 0.92

SIS S ST R
R

Exp-4
brrre i
2= =:2

T

6

c .__F_ E
bee e

(Pikrakis et al., 2012)

Multipitch Histogram
T T

T .MZH“‘

350 400

150 200 250 300
Frequency bins (1 bin = 10 cents), Ref: 55Hz

(Salamon, Gulati & Serra, 2012)

Active Search & Discovery

(Salamon, Serra & Gomez, 2013)

s 05 ~
g A N S5 A
S A PN JA%AN
>° 04 N A
z N RA @ A a o
S 0s A 20 ° ::Iam_enco
5 U9 A *x x x| nst. jazz
2 O ®o W% - A Opera
o 02 % o O O X ® FCg 1 < Pop
2 R0 0RO X g, % X .
] N o O Vocal jazz
S 041
: 8 o8
3
E O 1 1 1 1 1 1
5.6 58 6 6.2 6.4 6.6

Mean vibrato rate (v:mean®)

(Salamon, Rocha & Gémez, 2012)



BIMARL LS

Machine Learning for Pitch Analysis



BIMARL LS

Melody Extraction



BIMARL LY

Ill'l
HT

Melody Extraction




BIMARL LL=C

Melody Extraction




BIMARL LL=C

Melodia (Salamon & Gémez, 2012)

<




BIMARL LS

Melodia (Salamon & Gémez, 2012)

W ) {Contour Extraction} ) {CONOUF Selection} == Melody f,




Amplitude

BIMARL LL=C

Melodia (Salamon & Gémez, 2012)

W# Contour Extraction | s | Contour Selection | s Melody f,

06

10

15 2

0 K<)
Time (s)



BIMARL LS

Melodia (Salamon & Gémez, 2012)

Wﬂ Contour Extraction | m# | Contour Selection | = Melody f,

I\I):reque(rlcy (Hz)
.3
3
5 )
y
t '
t
| 1
u‘ ;
1
L
5]

0 5 10 15 20 25

30 35
Time (s)



BIMARL LS

Melodia (Salamon & Gémez, 2012)

Wﬂ Contour Extraction | m# | Contour Selection | = Melody f,

0 5 10 15 20 25 30 35
Time (s)



BIMARL LS

Melodia (Salamon & Gémez, 2012)

Wﬂ Contour Extraction | m# | Contour Selection | = Melody f,

600

e

0 5 10 15 20 25 30
Time (s)

Feq en cy(H

35



BIMARL LU=

Melodia (Salamon & Gémez, 2012)
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Contour Classification (Salamon, Peeters & Robel, 2012
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Contour Classification (Bittner et al., 2015)
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Contour Classification (Bittner et al., 2015)
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Contour Classification (Bosch et al., 2016)
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Contour Classification (???, 2017)

=) | Contour Extraction | s | Contour Selection | = Melody f,

= < - T MN ~ ¢ Smg

-~ S Vg =

”f’ \\\ ( o \ /\ ,/ \‘x
-** ae. S~o o = R4 e O
_-" LN === , Se.
- ~ =
,”’ \\\ ,’/ e T
"f \\\ . \\\
f”‘ S /, \\\
- > \\\

ettt ettt 37 of ~<
! | ! = \\‘\
: { fmmmTmTmTmTmmmomomomomomooomooomo oo oo =3

. 1
! Audio e |
1 : 1 !
! . 1 ! 1
1 Pitch t o) !
: Salience b i
| Estimation H.Sum || SIMM b :
: - i

1 1

1 | 1 !
) . HS Hfo ¢ b :
! Pitch ro !
! ;
: Sallen.ce . Fn e !
: Combination to) i
! L/ b I
1 | 1 1
1 | 1 !
1 | 1 !
1 | 1 !
1 I 1
! 1
! 1
| 1



BIMARL LS

Contour Classification (???, 2017)
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Datasets for Melody Extraction Eval

» MIREX

» ADC2004: 6 minutes (20 excerpts)
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Crowdsourcing Melody Note Annotations

Ensemble (Tse et al., 2016)
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Data Augmentation: f, Annotation-by-Synthesis
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Data Augmentation: f, Annotation-by-Synthesis
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Data Augmentation: f, Annotation-by-Synthesis
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Data Augmentation: f, Annotation-by-Synthesis
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