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3 Check the beat and downbeat
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0 Human has the innate ability of perceiving rhythm: heart beat, walking
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Introduction

0 Rhythm has a hierarchical structure
. ; ; ; ; Jﬁ mﬁ 'ﬁ Jﬁ Division levels
3 Beat: the basic time unit of music T T
3 Downbeat: the first beat of measure S R Beat lovel
0 Tempo: beats per minute (BPM) o= 100 g 4 Multiple levels
3 Determines the speed of performance °
Easy example: audio waveform with beats and downbeats
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Rhythm Transcription

0 Consists of several cascaded tasks that detect moments of musical
stress (accents) and their regularity
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Onset Detection

0 ldentify the starting times of any music event
3 They are not necessarily on the beat

0 Types of onsets
3 Hard onsets: percussive sounds (piano, plucked strings, marimba, drums)
3 Soft onsets: source-driven sounds (singing voice, woodwind, bowed strings)
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Example: Onset Detection
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Example: Onset Detection
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Onset Detection Methods

0 Traditional methods
3 Hand-crafted features + rule-based onset decision

0 Classification -based methods
3 Binary classification: onset or not onset
3 Supervised learning with a classifier



Onset Detection: Traditional Method

0 Time-domain onset detection functions (ODF)

3 Frame-level energy (RMS)

00® OE) ¢ a)o a |

3 Half-wave rectification of frame -level energy
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A Tutorial on Onset Detection in Music Signals, Juan Pablo Bello et al. IEEE TASLP, 2005
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Onset Detection: Traditional Method

0 Frequency-domain onset detection functions (ODF)
3 Spectral Flux

Yy Sum of the positive differences from log spectrogram
y" ODF changes depending on the amount of compression”
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Onset Detection: Traditional Method

0 Frequency-domain onset detection functions (ODF)

3 Phase Deviation
Yy Sinusoidal components of a note is continuous while the note is sustained
Yy Abrupt change in phase means that there may be a new event
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Onset Detection: Traditional Method

0 Post-Processing
3 DC removal: subtract the mean of ODF
3 Low-pass filtering: remove small peaks
3 Down-sampling: for data reduction
3 Normalization: scaling level of ODF

Low-pass Filtering (Solid line)

Fiia " (Tzanetakis, 2010)



Onset Detection: Traditional Method

0 Onset decision rule
3 Peaks above thresholds are determined as onsets

3 The thresholds are often adaptively computed from the ODF
Yy Averaging and median are popular choices

threshold =a + bxmedian(ODF) a4 : offsat, b: scding
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Challenging Issue in Onset Detection: Vibrato
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Onset detection using the spectral flux




SuperFlux

0 A state-of-the-art rule-based onset detection function

0 Stepl: use alogfrequency-scaled spectrogram
3 Make harmonic partials have the same extent of vibrato contour

AEh) 1 1(€ 0GR Qi) (ERQJSTFT, "' ): constant-Q filter bank

0 Step2: maxfiltering
3 Take the maximum in a window on the frequency axis
3 Aa aresult, the vibrato contours become thicker
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Maximum Filter Vibrato Suppression For Onset Detection, Sebastian Bock and Gerhard Widmer, DAFx, 2013



SuperFlux

(a) classical bin-wise difference calculation
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SuperFlux

0 Step3: Superflux
3 Take the spectral flux but the time difference * is determined by how much
two neighboring frames overlap with each other (hop size and window size)
3 ' increases as the two neighboring frames have more overlap
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Maximum Filter Vibrato Suppression For Onset Detection, Sebastian Bock and Gerhard Widmer, DAFx, 2013



SuperFlux
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Onset Detection: RNN

O Binary classification using Bi-directional LSTM
3 Input: spectral flux of mel-spectrograms with two different window sizes
3 After training the Bi-LSTM, a peakdetection rule is used to find the final
onsets
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Universal Onset Detection with Bidirectional Long Short-Term Memory Neural Networks, Eyben Eyben, Sebastian Bock, Bjorn Schuller, Alex Graves ISMIR, 2010



Onset Detection: CNN

O Binary classification using 2D CNN
3 Input: mel-spectrograms with three different window sizes
3 Output: the binary output is determined on the center of input (15 frames)
3 Filter size of the first conv layer: wide in time and narrow in frequency

5@ E"'E R

3input 10 feature 10 feature 20 festure 20 feature 256 sigmoid

channels maps maps maps maps sigmoid output
(15x80) (9x78) (9x26) (7x24) (7x8) units unit

convolve (7x3)  max-pool (1x3)  convolve (3x3)  max-pool (1x3) fully connected  fully connected

Il mproved musi cal onset det ecti on SaciélbarnGo nSveobBatistt ki daRAISBER4 ur al Net wor ks, Jan



Onset Detection: CNN

0 Well-designed CNN is powerful

Precision Recall F-score
RNN [10, 5] 0.892 0.855 0.873
CNN [1] 0.905 0.866 0.885
+ Dropout 0.909 0.871 0.890
+ Fuzziness 0914 0.885 0.899
+ ReLU 0.917 0.889 0.903
SuperFlux [5] 0.883 0.793 0.836

0 CNN is more interpretable

3 Learn the time difference of mel-spectrogram

|l mproved

(similar to spectral flux)

musi cal

onset det ecti on SaciélbarnGo nSveobBatistt ki daRAISBER4 ur al Net wor ks,

(Eyben et al. 2010)

(SchtlearnB° ¢cXk01 4

(9y | keme for map 4. three
7 g 3 blocks for the three input
spectrograms (mid, short, long)

Jan



Tempo Estimation Methods

0 Traditional methods
3 Find the periodicity of the onset detection function using auto -correlation or
DFT

0 Classification -based methods
3 Multi-class classification: quantized tempo into multiple classes
3 Tempo is often obtained as a by-product of beat tracking
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0 ACF is a generic method to detect periodicity of a signal
3 Thus, this can be applied to ODF to find a dominant period that may
correspond to tempo
3 The ACF shows the dominant peaks that indicate the dominant tempo

5
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Onset Detection Function (spectral flux) Auto-Correlation
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https://librosa.org/doc/latest/generated/librosa.feature.tempo.html

Predominant Local Periodicity (PLP)

0 The shape of the onset detection functions is spiky

0 Ogfgn"vjg"qpugv"hwpevkgp"wukpi
0 Algorithm
3 Step 1: compute the spectral flux (ODF) @,

3 Step 2: Find a local sinusoidal kernel that has

ki(n) := W(n — t) cos(2m (wsn — ¢¢))

the maximum correlation

Flo,) = ¥,y An) - Wn—t) - e-2mion 1= 380eal P, )] frequency
» )T neZ ’ - b

1 Re(F(w:,t
ODF Pii= 5o arccos (W) phase
3 Step 3: sum the local sinusoidal kernels ®
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https://librosa.org/doc/latest/generated/librosa.beat.plp.html

0 2D time-tempo representation
3 Computed by taking STFT on PLP
3 Tempo (BPM) = 60¢€'Q= 60/0
Yy "Qs the frequency of PLP ®)
Yy 0 is the period of PLP
Yy Example: 1 sec = 60 BPM

(c)
0 Visualize local tempo changes effectively
3 e.g., Rubato

Se@ |l EzSbuWMIgiucogWNcgr Z2ST zur

Cyclic Tempogram i A Mid-Level Tempo Representation For Music Signals, P. Grosche, M. Muller, and Frank Kurth, ICASSP, 2010
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https://librosa.org/doc/latest/generated/librosa.feature.tempogram.html

0 Sum the tempogram for integer multiples of a reference tempo based on

octave equivalence in tempo
3 Up to four octaves

3 Example: if 60 BPM is the reference tempo
y 60to 120 A scaledto1to 2
y 120to 240 A scaledto1to 2
y 240to 480 A scaledto 1to 2
3 Ukoknct"vg"mejtqocitec
Yy Frequency A pitch class

Tempo (bpm)

Time-lag (sex)

Cyclic Tempogram i A Mid-Level Tempo Representation For Music Signals, P. Grosche, M. Muller, and Frank Kurth, ICASSP, 2010
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A Single-Step Approach to Musical Tempo Estimation Using a Convolutional Neural Network, Hendrik Schreiber, Meinard Muller, ISMIR, 2018
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O A binary classifier is trained to determine if two audio excerpts have the

same tempo or not
3 The two excerpts are selected within a music track with a consistent tempo.
They are time-stretched to change the tempo A similar to SPICE or PESTO
3 Predict the tempo with a set of references that cover the entire tempo range

Does the reference have the same or a different tempo?

Same Temp
Probability

Classifier
é Down project & 7]
tenate

! concatenate 30 50 100 150 200 250 300 Tempo (BPM)

Excerpt-level 1 t 1 t t t

Embedding
| Classifier |
t t tt bttt
E Down project &

) b @ & & @

Embedding Embedding t t t t t  concatenate
Network Network
1 I Track-level
e Embeddings
‘ Time Stretch | \ Time Stretch |
& Crop & Crop | t ot ! Pt
Embedding Embedding
Network Network
Random Excerpt Random Excerpt i T3o T31 T32 eee 7T298 T299 T300
(Reference ) Unlabeled Track Labeled References
(a) Training (b) Prediction

Tempo estimation as fully self-supervised binary classification, Florian Henkel et al., ICASSP 2024
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0 Dynamic programming

3 Findthegr vkocn" Yv overtikeg i YY" r c v |
0 Classification -based approach
3 Detect beats or non-beats

Best Tracking by Dynamic programming -.-
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Beat Tracking by Dynamic Programming Dan Ellis, Journal of New Music Research, 2007



Beat Tracking by Dynamic Programming

0

Define O(0) as best score up to time 0 and compute it for every 0
o) 6 1 Agqo tHY o

Store the time that returns maximum score 0(0)

O«

00 AO0OQ@A @Qo thYy 'O(t)

At the end of the sequence, trace back 0 (6) which returns the best path

10}

O«




Beat Tracking Using RNNSs

0 Joint detection of beat and downbeat (many -to-many RNN)

3 Mel-spectrogram input with three different window sizes
Yy High time-resolution from a short window (precise beat timings)
Yy High frequency-resolution from a long window (tonal changes)

3 3layers of LSTM (25 dim)
3 3-way classification with the softmax output
y" Downbeat, beat and nonbeat : ;
3 The output is further improved using probabilistic graphical - “' |
models (HMM, DBN, CRF) R

Joint Beat and Downbeat Tracking with Recurrent Neural Networks, Sebastian Béck, Florian Krebs, and Gerhard Widmer, ISMIR, 2016
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Multi-task learning of tempo and beat: learning one to improve the other, Sebastian Bock, Matthew EP Davies, and Peter Knees, ISMIR, 2019
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Multi-task learning of tempo and beat: learning one to improve the other, Sebastian Bock, Matthew EP Davies, and Peter Knees, ISMIR, 2019
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All-In-One Metrical And Functional Structure Analysis With Neighborhood Attentions on Demixed Audio, Taejun Kim, Juhan Nam, WASPAA, 2023



Beat Tracking using Transformer and DINA

O Rgt hgt ocpeg" eq oJrccttokdipgkpzt g Vv g*”

# of Beat Downbeat Segment Label
Model Params

F1 CMLt AMLt F1 CMLt AMLt HR.5F PWF St

0. SpecTNT-TCN [11]* 47M 953 939 .959 908 872 928 - - -

plopd Beat Transformer [5]* 93M 954 905 957 898 863 919 - - -
p(0r4} DSF+Scluster [9] N/A - - - - - - 497 684 743
2% SpecTNT [10]* N/A - - - - - - 558 712 724
TCN w/o demix [3]' 74K 954 900 961 .886 .842 920 594 687  .694
popds] TCN' 93K 946  .898 950 894 850 919 619 J15 738
TCN-La.rgG:Jr 301K .953 906 960 901 .853 924 626 J17 746
All-In-One-Small (Ours) 46 K 943 891 952 901 854 929 616 J13 745
228 All-In-One (Ours) 300K 958 913 .964 915 873 932 660 738 769
max (length of longest correctly tracked segment) max(longest segment from any allowed metrical level)

CMLt = AMLt =
Total number of ground truth beats Total number of ground truth beats

Measidroenti nuous!| yo correct fMhewaea igiedM hiocbeat s are al

All-In-One Metrical And Functional Structure Analysis With Neighborhood Attentions on Demixed Audio, Taejun Kim, Juhan Nam, WASPAA, 2023



Post-Processing

0 Learning a long-term context using TCN or DINA helps predicting local

beat positions
g Jgygxgt . "
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3 As seen in the beat tracking by dynamic programing, we can incorporate
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Predicted Beat Activations
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0 Software
3 Madmom: https://madmom.readthedocs.io/
3 Librosa: https://librosa.org/doc/main/beat.html

0 ISMIR 2021 Tutorial:
3 https://tempobeatdownbeat.github.io/tutorial/intro.html



https://madmom.readthedocs.io/
https://librosa.org/doc/main/beat.html
https://tempobeatdownbeat.github.io/tutorial/intro.html
https://tempobeatdownbeat.github.io/tutorial/intro.html
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