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What is Audio Indexing for Music ?

Audio indexing

= = describing audio (speech, sound-FX, environmental sounds, music instruments, polyphonic music)
Audio indexing for music

= = part of Music Information Retrieval (MIR)
M.LR.

= = not only audio, but also symbolic representation (scores), web-mining, text-mining, user behavior
M.LR. from audio (Audio Content Analysis)

= = extract any user-relevant information from an audio signal
(= information understandable by a user >< sinusoidal phase)
= Mostly application driven
= Examples:
= genre/mood recognition, tempo/beat/chord/notes estimation, query-by-humming, search by similarity, cover-
version detection, ...
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When did it started ?

It was existing from a long time under other terms (audio indexing)

Before 2000

Score following (Vercoe, Dannenberg for music performances)
Speech/music segmentation

Musical instrument identification using CASA (MIT/Medialab)
Beat estimation

Object representation of audio sources (MPEG-4 SAOL)

ISMIR does not exist
Evaluations
= On few files

Applications

= Mainly sound sample description (Studio-OnLine, Find Sound, MuscleFish) SIS

e @z Xrmon e

' Fatiem POt 6
Music ol T iy
= Napster : i e

v
The Future of Audio Search Technology Has Arrived...
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1994  Goto  Real-Time Beat-Tracking
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Motivation ?

:

= Digital music => many data accessible, how to access ?
= Meta-data: manual, web-crowd-based, content-based

" How to speed up annotation time ?

= Long-tall, cold start oo |-

:

number of listeners
:
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Motivation ?

= Digital music => many data accessible, how to access ?
= Meta-data: manual, web-crowd-based, content-based

" How to speed up annotation time ?

= Long-tall, cold start

In 2000

=[SO MPEG-7 Audio (1999) [Herre]
= Creation of ISMIR community in 2000

ISMIR: fusion between communities: audio processing, machine
learning, IR, librarian, ...

peeters@ircam.fr

Enter a keyword, recard a query or drag an example cip.




Motivation ?

= Digital music => many data accessible, how to access ?

= Meta-data: manual, web-crowd-based, content-based
" How to speed up annotation time ?
= Long-tall, cold start

In 2000
=[SO MPEG-7 Audio (1999) [Herre]
= Creation of ISMIR community in 2000

= ISMIR: fusion between communities: audio processing, machine
learning, IR, librarian, ...

Today?
= Conferences
= ISMIR, special sessions at ICASSP, ACM-M, AES TCAA
= FEvaluation
= On one million titles
= Applications
= Shazam/MIDOMI
= Music

= Listening through streaming (YouTube, Last-FM, Spotify, Deezer),

= Meta-data provided by web-services (Echo-Nest, BMAT)

peeters@ircam.fr
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MIR evolution over time

Score Folling ( Symbolic Music )

C Auditory Scene Analysis [Bregman, 1990] D)
y
995 C Computational Auditory Scene Analysis D

Musical Instrument Recognition Beat Tracking

MPEG-7 Audio Multi-pitch (_ Source separation )

Audio fingerprint (_ Query by humming ) (  Evaluation MIREX )
2005 ( Genre ) ( Search by similarity )

Cover, Key, Chord (Chroma, DTW)

2000

[

2010
NMF
201 ( ICASSP, ACM-M, DAFx, AES TC-SAA ;
5

\/

9 peeters@ircam.fr



_ ircam

Organization by targeted content (N

Audio Music Indexing
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TECHNOLOGICAL PERSPECTIVE

2.5
Estimation of
elements related to
musical concepts

2.2
Music
representations

23 2.4
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Audio Foatures

Machine-Learning for class problems

Classification System

Generic Audio L 5 Temporal L
Features Integration

Specific Audio
Features
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= Simplified working flow
= Extraction [Extracting Information from the audio signal R

( Tempo, rhythm J
/
//’” ( Timbre )

= Training Waveform
= Auto-tagging

"l'ralning
Energy

EXAMPLES:
: Search for invariants,
(audio, classical)—e daciiminents

(audio, classical)
(audio, rap) .
(audio, rap)

(audio, rap) .. .

N

Auto-tagging i

Energy
O
(audiO)——.——Classical Brightness
Tempo

[5 peeters@ircam.fr
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Classification System

o~
" Generic Audio \ Temporal
. —>
Features Integration

Specific Audio
N Features

Fréquence

—

\4
Temporal Energy
Envelope

= Systems:
= Many stage:, many possible choices at each stage

\4

Autocorrelation
Zero Crossing Rate

Harmonic Energy

(___Noisiness )
= Choice of the audio feature s
= Generi cAudio Features e
= MFCC [Rabiner] | .
= Chroma/PCP [BratschWakefield], CENS, CRP [Mueller] Ircamdescriptor flowchart
* Block Features [Seyerlehner] .
= “A Large set of Audio Desciptors for ..." [Peeters] & o
= Specific Audio Features E
= (Odd to even harmonic ratio j w
= Intonative features [Regnier] . :

= Automatic Feature Design
= EDS [Pachet]
= Deep Believe Network [Hamel,Humphrey]

%,

T

Sﬁr Y

)qw?ﬁzwwi))rrv

|

£
04
Iﬁ
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Intonative features [Regnier]



Classification System

Generic Audio /Temporal
. —>
Features Integration
Specific Audio

Features X()

t
= Choice of the feature processing (temporal integration) " m‘g

|
= Texture window (short-term statistical moments) v

= Super-vector, i-Vector, Multi-dimensional Auto-Regressif Model -_

e

t
Temporal integration of features

= (Choice of feature Selection
=  Filter, Embedded, Wrapped

= Choice of the classification paradigm:
= Single-label / multi-label (binary relevance, power-set)

= Choice of the machine learning algorithm
= GMM, SVM, K-NN, Random Forest

= Segmentation over time:
= Segmentation (BIC/AKAIKE) then classification of the segments

= or Segmentation by class variation over time Automatic Feature Selection:
|7 peeters@ircam.fr IRMFSP [Peeters]
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VIDEO Time Segmentation
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Audio identification
= Watermarking
= Fingerprint

Audio fingerprint
= Coding: from each existing ISRC store the corresponding
fingerprint in a table
* Decoding: compare the fingerprint of the target track to the
fingerprints of the table

Many existing systems
= Shazam, Philips, FHG, B-Mat, ...

Challenges

= Fingerprint must be robust (to audio degradation), discriminant
(not to confuse two different ISRCs), scalable
= Search must be highly scalable (>1¢9 fingerprints in the table)

Applications

= Live-audio identification (user or copyright management)
=  Cleaning collection
= Synchronization

peeters@ircam.fr

ircam

Audio Stream

Signature

N

Database
of
signature

Audio Fingerprint Flowchart

Nearest neighbor result
12345 2]

Frame time

Item codes in D)

(a) Confirmed detection
for green item

Nearest neighbor result
12345

Frame time
Item codes in DB

(b) No detection
for red item

AudioPrint post-processing [Ramona]

VIDEO AudioPrint for Lyrics Alignment



Audio Features

Musical and local concepts
Rhythm content
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= Various approaches for beat-tracking:

= Cognitive motivation: Scheirer [works well for simple music, but ...] g4 40,

= Knowledge-based: Klapuri, Peeters [need to introduce the rules for each music style] S ,h =

= Purely Machine Leaming: Bock [recurrent Neural Network] £ tatum =

_| beat/tactus J %

= Challenges of beat-tracking + measure -

= Non-pre-eminence of events v
= Ambiguity of metrical-level to estimate

= Rhythmic complexity

= Temporal variability

Audio Signal

- Reassigned Spectral Flux DFT, ACF, Periodicity Viterb Temporal Reverse
- Harmonic Variation haDFTACF Templates fterbi Templates Viterbi
- Spectral Balance Variation G H

T.,M,P .M

- Short-Term Repetition Rate

Trained Meters, Trained
Rhythm patterns LDA

Theoretical Meters

Global flowchart of ircambeat for tempo/meter/beat and downbeat estimation

# pecters@rcam. VIDEO ircambeat | Audiosculpt 3.0
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= Objective:
= Find the underlying structure of the structure (verse, chorus)
= |ll-defined problem !
= Structure specific to each track -> non supervised leaming
= See Meinard Muller tutorial

Understanding music
= Interactive music players
= Audio summary

Self-Similarity Matrix

Q Quaero
T N XX eochercher MSSE PROJECT

o) (o] (o
\ 3 1 Night Music

Rl Hierarchial
3 Frame-to-Frame Kernel on Self-
[Deewee ) -to-| o :
Similarity-Matrix

it — Agglomerative
State
Approach — ﬁ

HMM NMF

wsxBrowse in the music structure by clicking

Audio Temporal
Features ’_" Integration

MFCC I
Dynamic Features
SP/SV/ISC Multi-Probe

Chroma Histogram

o 1o ch assbammar Hrg e loch st barmenst s 50 -

» W Mot Hatsbammar Hard e e etz st 2

Detecting Grouping Repetitions into S
Repetiti S . )
T T | VIDEQO: Browsing by Music Structure
—— in Orange MMSE
rouping using Grouping by

- Late Fusion of | Higher Order
[ oW ] [l SsM I three SSM l Smm ]] Heuristics Fit M
itness Measure
Sequence A
Approach : _ ' (
Image Processing Peak-picking
2D Structuring Filter on Lag-Matrix

> Factor Oracle

. , — : ~ AUDIO: Examples of audio summarie
Global flowchartesfs@camsummary for tmusic structure estimation and audio summary generation
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] x(t)
" How to encode musical knowledge ?
= Key, chord: observation probability, template Chromas \( Chromas
= Chords over time: hidden Markov model — —

= How to encode interdependence ?
= Joint estimation of chords and downbeat [Papadopoulos]

= Hypothesis: chord changes at 4/1 or 2/3 Eiion avee oot s

= Chord = CPIM « Chord Position inside Measure »
= Transition matrix

= Joint estimation of chords, key and downbeat [Papadopoulos]
= 24 HMM, one for each key Tid) B.~(k.

Probabilités de transitions
- proximité dans le cercle des quintes
- corrélation profils cognitifs de Krumhansl
- entrainement

- corrélation avec gabarits d'accords
- modele gaussien (théorie musicale, appris)

w B CM  C#M T =
. . . CM. C#MDM .k' ARER 'C'M . 'C#?" ‘l@
= Joint estimation of structure, chords and key [Pauwels] o [ CM{ it
0 0 0 0 ilem [ " I A\ i=t
= Chord bi-gram perplexity: final < inter < intra o i[ 3= N T =X

= How to take into account errors ?

= Possible errors of beat estimation are represented in the
transition matrix [Papadopoulos]

24 peeters@ircam.fr
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Examples of applications

Quaero Orange MSSE Prototype
Quaero AudioPrint Lyrics Alignment
Sony CSL Music Browser

Semantic HIFI

MTG Freesound

BMat
EchoNest
"M‘freesound

peeters@ircam.fr

Quaero Orange
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= Access (browsing, search, identification)

= Currently MIR developments include
= Creativity

= Initially MIR was developed for [ EXPLOTATION PERSPECTIVE J

5.1
Music distribution 5.2 53
teati Creative tools Other exploitation areas
applications

28 peeters@ircam.fr
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Main current paradigms

il umc_tjondg rmm ;
* In Audio " | mapping e
*  Modified the sounds using sound description xm) 4 Pl
= [Verfaille, Arfib] control soundFX using audio content (audio Mi;m“,;‘éﬁqm—ml)
descriptors) 7
= Vibrato control, attack removal
= In Music
= |. Music processing driven by a musical description @ )
=  Changing tonal content (pitch) % o W M
= Melodyne DNA s 1= e e

= IRCAM Audio2Note (Ableton Live 9) [AUDIO] T o
= Adding/ removing swing P

* Audiosculpt swing transform [AUDIO]

= EchoNest : swinger, waltzify

29 peeters@ircam o) mr:ﬁ'.‘-ni'!r:- i ‘Note oo |b4 /e' 7é ayone D NA ﬁyut‘gj}

== Audiosculpt 3.0

i
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MIR for Creativity (3)

Main current paradigms
= |l Music slicing in time (or in time and frequency) using a L ]
mu S| CccC O” e c.tl on Substitution in time or in time and frequency
= Replacing elements in time: Cgney ( i ]
=  MTG/Steinberg LoopMash [VIDEO]
=  Create in time: Musaicing, re-madonnisation [Zils, Pachet] >
= Corry Arcengel [VIDEQ], e

= EchoNest Global Sampler, Bohemian Rhapsichord [VIDEO
= IRCAM CATaRT
=  Create in time and frequency [VIDEO IRCAM X-Micks]
= Mixintime
=  Goto « MashUpper » [VIDEO ] CATaRT

800,

ataRT - Copyright (C) 20052007 by Diemo Schwarz - IMTR Team - rcam-Centre Pompidou coanicanne

Corry Arcengel X-Micks

=== MashUpper
e X i o [ SRS S S — ( £
FEm——— \ . ' ) b Emmen D) GIEWMO o O me s e

on video

Save the settings in scenes,,

MTG/Steinberg LoopMash

30 peeters@ircamir Bohemian Rhapsochord
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Main current paradigms

= |l a. Learn the music model
= Audio Factor Oracle JAUDIO, Pastorius], [VIDEO Ircam O-Max]
= Constrained Markov Chains: Pachet, Vitual Band [VIDEO]

= |l b. Pre-trained music model fitted to incoming content

= LaDiDa A S SR e
= Microsoft SongSmith L,
Virtual Band
Select Style
| f y LaDiDa
/”,k S
4 S|
sum= LaDiDa
(7] Show Style Details

31 peeters@ircam.fr
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Main conference: ISMIR
= But also: ACM-M, ICASSP, AES TC-SAA, DAFx, ...

Mailing-list: music-ir
Music Hack Days
= With support by EchoNest, SoundCloud, ...

Books
= Mueller, Goto, Schedl, « Mutimodal Signal Processing »,
= Alexander Lerch « Audio Content Analysis »,
= Ras, Wierczorkowska, « Advances in Music Information Retrieval »,
= Li, Ogihara, Tzanetakis, ‘Music Data Mining »,
=  Mueller « Information Retrieval for Music and Emotion »,
= Klapuri, Davy « Signal Processing Methods for Music Transcription »,

Music Data

An Introduction to
Audio Miis
1Ining
Content S
Multimodal Music Processing. i
Analysis

Meinard Miller

Information Retrieval
for Music and Motion

Advances in Music
Information Retrieval

st st e - v 3 ettt

peeters@ircam.fr
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2012
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= Book: Roadmap for Music Information Research
= MIReS project

= http://www.mires.cc/

MIReS project aims to create a research roadmap of MIR field, by
expanding its context and addressing challenges such as multimodal
information, multiculturalism and multidisciplinarity. MIR has the potential
for a major impact on the future economy, the arts and education, not
merely through applications of technical components, but also by
evolving to address questions of fundamental human understanding,
with a view to building a digital economy founded on"uncopiable
intangibles": personalisation, interpretation, embodiment, findability and
community. Within this wider context we propose to refer to the field
of MIR as Music Information ReSearch (MIReS) and thus widen its
scope, ensuring its focus is centered on quality of experience with
greater relevance to human networks and communities.

MIR€S

peeters@ircam.fr

ROADMAP FOR

MUSIC INFORMATION
RESEARCH

migesacc

Xavier Serra, Michela Magas, F:mmanouil Benetos, Magdalena Chudy, Simon Dixon, Arthur Flexer,
Emilia Gomez, Fabien Gouyon, Perfecto Herrera, Sergi Jorda, Oscar Paytuvi, Geoffroy Peeters, Jan
Schliiter, Hugues Vinet, Gerhard Widmer, “Roadmap for Music Information ReSearch”, Geoffroy
Peeters (editor), 2013, Creative Commons BY-NC-ND 3.0 license, ISBN: 978-2-9540351-1-6
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