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Applications of beat-tracking

» Beat-synchronous analysis

. score alignment, cover version identification

» Beat-synchronous processing

. time-stretching, beat-shuffling, beat-slicing

» Music analysis

. prior for pitch estimation, onset estimation

» Visualization

. time-grid in audio sequencers

State-of-the-art

» Current results far from being perfect
- See last Audio Beat Tracking contest (MIREX-2006) : P-score: 0.575

Good results for most rock, pop or dance music tracks (except highly compressed dance music tracks: hi-hat
problem)

. Difficulties for classical (tempo variation), jazz (syncopation), world music
+ Western modern music= Drum’n‘bass or R'n'B
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- Two new approaches for beat-tracking
- given tempo/ meter as input

- Algorithm 1: based on P-sola/ GCI location algorithm

- Algorithm 2: Probabilistic framework
Formulation: inverse Viterbi
Prior probability

Observation probability
.. use of beat-template: LDA training of the best beat-templates

- Transition probability
Decoding

Beat-templates evaluation
- Large-scale evaluation on four test-sets
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Input parameters of our system

Previous tempo/ meter estimation algorithm

Audio mono 11.025 Hz

b

Onset-energy function Tempo detection

| Reassigned spectrogram | Instantaneous periodicity

* [ pFT ] [ acrF ]
| Log-scale | > l
¥

| Combined DFT FM-ACF |

| Threshold >-50dB |

- Tempo states
| Low-Pass Filter | Tempo
. * . -Meter/Beat subdivision
[ High-Pass Filter (Diff) | —
Yy

Stner(Wiotm) 1 | Viterbi decoding |

| HalfWave Rectification |
e w b Y

e (W rn],“, Tb(t)

| Sum over frequencies |
) —-I Beat-tracking I‘

f(t)

[Peeters, G. (2007). "Template-based estimation of time-varying tempo.” EURASIP Journal on Advances in
Signal Processing 2007 (Special Issue on Music Information Retrieval Based on Signal Processing):
Article ID 67215, 14 pages.]
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Beat-tracking algorithm 1: P-sola meéhod ircam

Introduction

» P-sola " B , oy 1] [ Il A A b fon, J“'-{H__\,}‘q

- Pitch-Synchronous Over-Lap and Add : - 1 Y :

- used for speech pitch-shifting or time-stretching e
P-sola Analysis - )

- Detect the Glottal Closure Instant (GCI) I Lt ATV VA

= sn
3

v

v

Characteristics of the GCI

- (@) GCI close to the local maxima of the energy function
- (b) Inter-distance between successive GCIs close to the local pitch period T,(t)

v

Looks close to the problem of Beat-tracking
- (@) Beat-markers close to the local maxima of the onset-energy-function f(t)
- (b) Inter-distance between successive beat-markers equal to the local tempo T,(t)

v

Idea: adapt a P-sola analysis algorithm to the beat-marking case

[Peeters, G. (2001). Modeles et modelisation du signal sonore adaptes a ses caracteristiques locales.
Analyse/Synthese. Ircam, Paris, France, Universite Paris VI.]
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First stage Second stage
Local maxima detection Least-square optimization
» Markers should satisfy

- See paper for details
- (@) Markers m; close to local maxima T,

(b) Inter-distance between m; and m;
equal to local tempo-period Tb,

(@) :m; =7
{ (b) tm; — M- = Tb,;_]_
(

b) M1 — My = Tb;

= Z [((H]i — l’Il.i_l} = Tbi_l)z H = T'.-',)2]
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Problems of P-sola algorithm and motivations for a

probabilistic framework

» First stage:

- Binary decision
. atime is a local maximum of f(t) or not.
. only one local maximum per period T, is estimated.

- Consequences
. If the estimated local maximum is not the one corresponding to the beat positions, the marking will be

incorrect
. If there is no local maximum in the signal (for example a part of a track without any onset such as a beat in

the middle of a silence part), the algorithm also fails
- Solution: have several candidates for the local maxima and associated probabilities

» Second stage: 3

- no adaptive weighting between the constraints
. (@) "close-to-lo ,_';i' maxima" and (b) "inter-distance close to local period®

- Constant weight  over time
- Ideally: if a part of a track has no clear onsets, the periodicity constraint should be

favored

» Solutions:
- probabilities associated to the times and to the transitions between times

» Formulation
- HMM ? 8
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HMM/ Viterbi HMM/ Viterbi for beat-tracking V1
decoding » Hidden states s, ?
» Hidden states s, - Beat/ non-beat status of a time
» Probabilities: * Viterbi:
- Pinit(s)) - Decode beat/ non-beat status over time
- Pobs(o(t)]s,) » Problem:
- Ptrans(s;|s;;;) - We want to use the transition probability for
v Viterbi: representing tempo constraint

i.e. the distance between two successive
beats is the tempo periood

- Not possible to do it with a first order HMM
(need to go back to the first previous beat,

- find the best
succession of hidden
states over time

4 b N-previous states)
O _
A S N A L » Solution:
N N PasslO) 18 ) - W . "
s, (-G b ______ "l _____________ - define state s, as “time ti is a beat
B RR TR N 2 0 o s * New formulation
(D Prrans (Sl - oo - Possible to use the transition probability
a2 T O O SO U OO SO between successive states, because only
(-}__j ______ TS L VOO T beats are states
Lot time

10
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HMM/ Viterbi

decoding
* Hidden states s;
» Probabilities:

- Pinit(s,)

- Pobs(o(t)]s;)

- Ptrans(s,|s;, ;)

»  Viterbi:

- find the best
succession of hidden
states over time

4
Cj .....................................................
Sep P p‘;'gaﬁ"j']"a";"'j """""""
. o-- \ --“--: _______ B
M %y PO S SO
] e
( T SR
(“} ...... ! ...... .................................
O ...... ...... .................................
tkl_1 t:k t;m timeh

@mm@ro == (e

HMM/ Viterbi for beat-tracking V2

Hidden states ?

4

4

4

4

State S,is defined as « time t_is a beat »

ircam
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Viterbi ? Problem !

if states are beats then we need to de
beats over time. But beats are times !

Solution:

decode beats (times) over beat-numbers b,
(b, is @ monolithically increasing function)

Inverse Viterbi:

code

Look for the succession of s, (t) that
explains the beat number succession b,

= +

best

11
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Probabilistic formulation % " Pk R
* Hidden State s;= « a specifictime tjisabeat>» & o O O 0O
t, (===
- Initial probability Pinit(Si) et OV O O O O
. Represents the prc;\balgility to be ifn Ridgen sc,jtate S; t O O O O
(“t; is a beat”) at the beginning of the decoding 4
. Favors t; to be a time close to the beginning of the t, (= = 0= 0=
track te O O\ Pfas(tats) O
t O O \NO O O
- Emission probability pPobs(0()|s:) t, Pomslle) T— (T (>
. Represents the probability to observe o(t) given a ty O O O O O
specific state s; (given that “t; is a beat”)
. Correlation with a Beat-templates at tempo Tb(t) to <> @ <> <>
. Optimization ty, O O O O O
Y, (> (> (> (>

.y s aps i
- Transition probability Pirans(S;|s:)
. Represents the probability to transit from state s; (or
“t; is beat”) to state s;” (or “t;" is the next beat")

. Left-Right HMM

» Inverse Viterbi decoding

- provides the best succession of states hence the best
succession of “time t; is a beat”

- Forward/ Modified Backward algorithm

- Optimization

12
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Examples of decoding:

loglikelihood: —1.377569
T T T

08

0B8R

I
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Learning the best beat-template by LDA

Learning the best beat-template
by LDA

» Beat-template must be chosen such as

- A) have the maximum correlation with the local
signal when ¢, is a beat-position

- B) provide the largest discrimination between the
correlation values when t; is a beat-position and a
non-beat position

@ QUAero === Centre
Pompidou

beat-template

v

v

15
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Learning the best beat-template by LDA

f(t]‘;:
|
|I IIII |III|I IIH'II |III|

|
I II. A |II II KI.\L |II | |I II' »
| | | | | | | | [~ n
1 2 3 4
Fi1) F2) F3) F4) F5) F@ F7) FE) FE) FI0) F{11) F12) F13) F(14) F15) F{18)

[ o) 0@ o3 o4 o) o6l o) olf) o@ gli0) gi11) g(12) g(13) gi14) gi15) g(18)] beat-class
g[1ﬁ]| g1y @i2) @3 o4 @i 9B o 9@y g® 10} g(11) g12) g(13) g(14) g-:15:|| non-beat-class
gi1s) gi1e)|gl) 92 a2 o) o5 s g7 8@ g9 glll) gill) g1 gi13) g4l non-beat-class
gi14) gi15) g[1Ei]| gily g2 g3 o4 o5 9B} g7 9@ g@ glld) g{il) gi12) g-:13]| non-beat-class
9i13) gi14) gi15) pi1E) gll) pi2) 93 o @5 o) 97 g8 o® glil) g1l gi12)] beatclass

Notations:

* F(n)

L&éﬂ)@]@( O

- function obtained by sampling the local values of f(t, t in [ti, ti + 4Tb]) by N value
* g(1)...9(N)

- the discrete sequence of values of the beat-template representing a one-bar duration beat-

pattern.

- g(1)= downbeat position, g(1 + jN/4), jin [1, 2, 3] other beat positions.

ircam

=== (entre
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We look for the beat-template (the values of g(n), nin [1,N])
» which maximizes the correlation with F(n) when t, is a beat-position
*  which minimizes it when t; is not a beat-position:

F(1+j)g(1)+F(2+j)g(2)+...+F(N +j)g(N)
- maximum value for jin [0O,N/4, 2N/4, 3N/4]
- minimum value for all the other values of j

» Looks close to the problem of finding the best weights gén) to apply to the
dimensions F(n) of multi-dimensional observations in order to maximize class

separation

» Can be solved using Linear Discriminant Analysis (LDA)

- The weights are the g(n),

- The dimensions of the feature vectors
= successive values of F(n)

- The classes = “beat” and “non-beat”

17
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Linear Discriminant Analysis

» Compute the matrix U

such that after transformation of the features by this matrix, the ratio of
the Between-Class-Inertia and the Total-Inertia is maximized

Solution= eigen vectors of T_IE'U- = Al

080
a5
iy

F T B e
& e 075

F(3) Z W e

0gs.

[T ERETR

&ﬁ>,,,ﬁ.m
015

5 o7
08

-0.05

E(D) 6 EQO@ER)ER)
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LDA observations to learn from: L = — = — = —
Two-classes “beat” and “non-beat” *°f - T EEES
» Using a test-set annotated into beatand & & ¢ © ¢ & =
down-beat positions - Nomalzed Time |
Using annotations for beat 0g
and circular permutation of the annotation for the [ : ﬁ
beat ish |'I". | l
See paper for details s JI ,I' ".H I . |'| ". |
Ej I \I\-___)I!I\/nj . IIII'\_ . /'IIII\\/\/III \/'\}I:\V-d/ I . \I'\,- \/Illll\'x/ )
LDA Solution:
For a two classes problem
* only one column remains in U
» = the weights to apply to F(n) in order to
maximize class separation
» = beat-template g(n).
19
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Examples:
» on RWC Popular-Music test-set

0.8 T T T T

0.5

04

Momalized Time

20
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Evaluation

Beat-templates comparison

» What ? validate the assumption that

LDA-trained beat-templates provide a
discrimination between the “beat” and “non-beat

classes than usual beat-templates

» How ?

better

/4

Normalized Histogr

, ircam
QQUCIQFO = (entre _
Pompidou
15 ratio; 0.73258
| =iy

o Rt 1 I

57— b2 0 02 04 06 08 ’
E Correlation
te the values of th lation between f(t) : e b
compute the values of the correlation between 5 R
and Z(t) when using the LDA-trained or the usual %
beat-templates for g(t) ‘_E
s uuuuuuuuuu
1§ 05 ] 15 5 25 3
Correlation
compute the ratio r of the Between-Class-Inertia
to the Total-Inertia
the larger this ratio is, the best the separation is
between the two classes beat and non-beat
Test-set
PopRock RWC-Popular RWC-Jazz RWC-Classical
PopRock 0.71 0.71 0.53 0.37
2 [RWC-Popular 0.69 0.73 0.53 0.38
£ [RwC-Jazz 0.64 0.66 0.61 0.45
~ |RWC-Classical [0.60 0.64 0.56 0.49
Normal template |0.48 0.54 0.35 0.23

22
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Evaluation

How to compare ?

Measure the performances of the beat-tracking system BUT using [Peeters2007] for
tempo/ meter estimation; - measure the performances of the whole system

4

Precision Window

A annotation

CD CD

Precision Window (PW)

expressed as a percentage of the smallest period in a track

Recall(PW) =CD(PW)/A
Precision(PW) =CD(PW)/D
FMeasure(PW)

Histogram of the values of the F-measure(PW=0.1) for all

the track of a given test-set

indicates the percentage of tracks having a specific Fmeasure(PW=0.1).

Cumulated-histogram

indicates the percentage of tracks having “at least” a specific Fmeasure(PW=0.1)
Percentage of tracks with F-measure(PW=0.1) >50%
Area Under Curve (AUC) of the cumulated-histogram

E estimation

=2 R(PW)P(PW) / (R(PW)+P(PW))
Area Under Curve (AUC) F-measure/ PW

@@uaero

iy

Surface under Fmeasure curve: 0.409711

ircam
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Results and discussion g |alg|o|E| &,
- 3 «| = |¢|Z|z|2| 9|58
» Variations among test-set: £ |3| 5 & =lc|t é izle3

= = o ) (&)
- performances are best = @ g S |2 gl T |s%es
for the PopRock extract (FMeas=0.93) m é o= § t: é § §

d - -Musi =0. oL S
and RWC-Popular-Music (FMeas=0-85)  [poprock [p-sola 91| .88 .80 441 ,92 | 88
Viterbi | 32]0.05|LDA-shared | ,93],90] ,91] ,44] ,96 | ,90
than for the more com_plex Jaz_z rhythms_ Viterbi | 8]0.05|LDA-shared | .94 |.,91|.92.45] ,96 | 91
(FMeas=_O.59) or the time-variable tempi Viterbi | 8[0.02[LDA-shared | ,94 | ,91 45| ,96 | ,90
of Classical music (FMeas=0.43). Viterbi | 8[0.05|LDA-sam ,90 [ ,924 ,93 of 96| 91
Viterbi | 8]0.05|LDA-all 941,911,921 ,45] ,96 | 91
Viterbi | 8]0.05|Usual 941,901,911 ,44] 95| ,90
* P-sola against Viterbi: [Popular _[P-sola 781731751 .38] BL] .74
- Considering all criteria (all the columns x!zefg! 35 8-82 tgﬁ-sﬂafeg 'Sé -gg ’gg ’ﬁ ’8(13 ,gj
) iterbi . -shared |, , , , , ,
of the table) and all test-sets, the Viterbi |_8]0.02|LDA-shared | .85 | .84 |-851-42 | .91 | .84
Viterbi method leads systematically to Viterbi | 8[0.05[LDA-sam 88,830 85 A2 9T [ .84
better results than the P-sola one Viterbi | 8[0.05[LDA-all ,881,831.,84],421,89 [ ,84
Viterbi | 8]0.05|Usual 881,841 ,85] ,42] ,90 | ,85
- Statistical T-Student test [Jazz P-sola 511,421,457 ,30] ,36 [ ,33
the average Fmeasure(PW=0.1) are Viterbi | 8]0.05[LDA-shared ,64 [ ,53],571,33] ,56 | ,48
equal for the P-sola and Viterbi Viterbi | 8]0.02|LDA-shared | .65].,54].,58 ,33[ ,60 | ,50
_ Viterbi | 8|0.05|LDA-sam ,63],52],56|,33 ,60 | 47
H1 hypothesis Viterbi | _8]0.05[LDA-all 64 [ 5357433 ,62 | .49
they are different Viterbi | _8[0.05[Usual 66 | ,55] .59V 34| 68 | 53
Results:

For the test-sets RWC Popular-Music |Classical |P-sola 481,35],38[,25] ,25 [ ,33
and RWC Popular-Jazz we can reject Viterbi | 32|0.05|LDA-shared | .52[.,36].,41],26]| ,42 | ,36
the null hypothesis at a 5% Viterbi | 8[0.05[LDA-shared | .53 .,37[.,42],27] ,42 | ,38
significance level Viterbi [ 8/0.02|LDA-shared | 51| ,37(.,41|,27] ,36 | 31
Viterbi | 8[|0.05|LDA-sam 521,381,411 ,27] ,42 | ,39
Viterbi | 8[0.05|LDA-all 02 | ,364540,26 | ,41 | ,38
Viterbi | 8[0.05[Usual o438 43V 27 A2 | 41




Evaluation

Results and discussion

Best parameters for the Viterbi
decoding algorithms

4

On average (over the test-sets)

Slight improvement obtained whith
T = 8 : large horizon for reassignment

s = 0.05: allows more marker
discontinuities

All beat-template methods give very
close results

except for the Jazz-Music and Classical-
Music where, surprisingly, the usual
beat-template performs slightly better

iIrcam
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o ;’ R R
T “1I|glZ] Tz q
3 s = 22|13 | o|Eg
S |35 & |E[=|&[8|ez(sz
e |\Hl & ot O lolu|=2|xa|lolt
= N = =|la| |k |cHas
o Slo|l2|o|8&8loE
m o} 2|12 5|=2|D5
la|lu | < [RE]<O
[Poprock [P-sola 911,881,891 ,44| ,92 | ,88
Viterbi | 32|0.05|LDA-shared | ,93].,90| ,91] ,44] ,96 | ,90
Viterbi | 8]0.05|LDA-shared | ,94],91],92] ,45] ,96 | ,91
Viterbi | 8|0.02|LDA-shared | ,94] .,91| ,91] ,45] ,96 | ,90
Viterbi | 8]0.05|LDA-sam 901,921,931 ,45] ,96 ] ,91
Viterbi | 8|0.05|LDA-all 941,911,921 ,451] ,96 | ,91
Viterbi | 8[0.05[{Usual 941,901,911 ,441 95| ,90
[Popular [P-sola ,/81,73]1,751,38] ,81 | ,74
Viterbi | 32|/0.05|LDA-shared | ,87] .,83| ,84] ,42| ,90 | ,83
Viterbi | 8]0.05|LDA-shared | ,88],83],85] ,42] 91| ,84
Viterbi | 8/0.02|LDA-shared | ,88] ,84] ,85] ,42] ,91 | ,84
Viterbi | 8]0.05|/LDA-sam ,68],83].,385],42] 91 ] ,64
Viterbi | 8|0.05|LDA-all ,881,831.,84| .,42] ,89 | ,84
Viterbi | 8[0.05[{Usual ,881.,841,85] ,42| 90| ,85
[Jazz P-sola bl].,421.,45]1.,30] ,36 | ,33
Viterbi | 32|/0.05|LDA-shared | ,64 | ,53| ,57],33]| ,60 | ,47
Viterbi | 8]0.05[LDA-shared | ,64| ,53] ,57],33] ,56 | ,48
Viterbi | 8]0.02|LDA-shared | ,65] ,54] ,58],33] ,60 | ,50
Viterbi | 8]0.05|LDA-sam ,63].,521,56],33| ,60 | ,47
Viterbi | 8|0.05|LDA-all 641,531 ,67],33] ,62 | ,49
Viterbi | 8]0.05|Usual ,66],95],99],34] ,668 | ,53
[Classical [P-sola 481,351,381 ,25] ,25 | ,33
Viterbi | 32|/0.05|LDA-shared | ;52,36 ,41] ,26| ,42 | ,36
Viterbi | 8|0.05|LDA-shared | ,53|.,37|.,42|,27| ,42 | ,38
Viterbi | 8]0.02[LDA-shared | ,51(,37],41],27] ,36 | ,31
Viterbi | 8]0.05|LDA-sam b2 |(,381,411 .27 42| ,39
Viterbi | 8[0.05|LDA-all 521,361,401 .,26] ,41 | ,38
Viterbi [ 8]0.05]|Usual o4 L3645 .27] 42 ] 4l
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Results and discussion:

» Use of the proposed Viterbi method allows to improve the beat-tracking
estimation for all test-sets.

- Considering the difficulty of beat-tracking for Jazz and Classical music, this result is
particularly important.

- Recall and Precision values obtained for the Jazz (R=0.66 and P=0.55) and Classical
(R=0.54 and P=0.38) test-sets

... Large Svart of the errors are insertions errors (estimation of twice the correct
tempo

... Results could be better if using better tempo estimation as input

» Use of LDA-trained beat-templates over usual beat-templates
- Better when comparing discrimination power
- For beat tracking
... Slightly improve the results for the PopRock extract test-set.
... Not the case for the Jazz and Classical test-sets.
- Why ?

... LDA-trained beat-templates assumes tracks with a specific constant rhythm
pattern.

This is the case for pop-rock music
This is not the case for Jazz and Classical music.

» Viterbi method

- Very promising: can be easily extended, add new types of observation probabili5i7es




