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Introduction

e Chord
o A harmonic set of multiple notes accompanying the melody
o Make the tone perceptually (and emotionally) rich: pleasure or tension

o A sequence of chords forms “musical progress”: e.g. I-V-I, I-ii-V-I
m Examples: https://www.hooktheory.com/theorytab/common-chord-progressions

Beatles “Let it be”

[The FMP book]
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Interval

e The distance between two musical notes
o They give a difference sensation of consonance or dissonance
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Why we perceive consonance and dissonance?

e Two sinusoidal tones cause dissonance if their frequencies are within 3
ST (minor 31)

o More precisely if they are within “critical band” in human ears
o The two tones on the basilar membrane interfere with each other
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Why we perceive consonance and dissonance?

e Consonance and dissonance of two harmonics tones
o Determined by how much harmonics of two tones are within critical bands
o As more harmonics overlap with each other, they are more consonant
m Simpleratios (1:2, 2:3, 3:4,... ) have more overlaps
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e Chords are formed by stacking major 3 or minor 3 intervals
Three note chords are called Triad (root, third, fifth)
7th, 9th chords (Jazz chords) are obtained by stacking up another major or
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Scales

e Major Scale
o Formed by spreading notes from three major chords
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e Minor scale
o Formed by spreading notes from three minor chords (natural minor scale)
o Harmonic or melodic minor scale can be formed by using both minor and
major chords

A

L JEE




Tonal music

e Tonal music
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The absolute majority of music is tonal

Tonal music has a tonal center called key (tonic note)
m Thereare 12 keys (C,C#,D, .., B)

Each note on the scale has a different role determined by the relation with

the tonic note.
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Chord Notations

C major

G major

D major
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[The FMP book]



Chord Progression

e Form a successive impression of stability and instability
o Tonal harmony (2t 3}) is basically about how to create tension and resolve
it with different quality of consonance and dissonance

Stability Departure Tension Stability
Tonic and Subdominant and| Dominant and Tonic and
related chords related chords related chords related chords
I, lllm, VIm IV, llm V, Vlle I, llm, VIm

[The FMP book]



Automatic Chord Recognition

e Traditional methods
o Template-based Pattern Matching

e C(Classification-based methods

o Supervised learning using a classification model
o The output can be one-hot class of chords or a structured formed



Template-based Pattern Matching

e General Framework
o Chroma features
o Chord template matching
o Post-processing

Prefiltering Postfiltering o)
» Compression » Smoothing // \
= Overtones = Transition \(
= Smoothing « HMM C/@*—— D)
) 4 'é
Audio Chroma Pattern Recognition
representation —> representation > matching —> result
/ - b
Major
. triads
TN [ -
o Minor

[The FMP book]



Template-based Pattern Matching

e Use the similarity between chord vector and binary templates for each
chord
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[The FMP book]



e Frame-based prediction from the

maximum correlation values

o Chord predictions can be not continuous
o Does not consider temporal dependency

of chord progressions
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Template-based Pattern Matching

e Use correlation (inner product) between chroma vectors and templates
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[c[c[am[rfc]e]rfec]

[The FMP book]



HMM for Chord Recognition

e Use the Viterbi decoding
o Local prediction: output of chord template matching
o Transition probability: calculated as chord labels (chord progression)

O

Initial probability: chord distribution

States
(hidden)

Log probability

Observations
(visible)
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AA# BCm Dm Em Gm Am

Calculated from the Beatles dataset
[The FMP book]



Hidden Markov Model

e Werepresent the local prediction as a random variable g has N states

(5,5, ...,Sy) and, at each time step, one of the states are chosen: g, €
(51,8, ..., Sy}

e Finds the most probable sequence of states Q = q,9,95 ...q; given a
sequence of observation 0 = 0,0,05 ...07



Hidden Markov Model

e The hidden states is based on the Markov model: the probability
distribution of the current state is determined by the previous state(s)

o The first-order: P(q¢lq1, 95, ..., qe—1) = P(q¢lqe—1)
o The second-order: P(q:1q91, 95, -, q—1) = P(q¢lqe—1, qr—>)

e Given a state, the corresponding observation distribution is independent

of previous states or observations
o Each state has an emission distribution (the distribution of observations)

s ‘ KT e
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Markov Model

e Example: the first-order Markov model with g, € {C, F, G}
o Defined as a 3 x 3 transition probability matrix

P(Qt Clq.- 1=0)=08
P(q: = Flq;-, =C) = 0.1
P(q; = Glqe-4 = C) = 0.1

0.8
(\.
% N
P(q; = Clgs—1 = G) = 0.2 O_,C @DOF P(q; = Clq;—1 = F) = 0.1
P(q: = Flge-1 =G) = 0.1 P(q; = Flge—1 = F) = 0.6

P(Qt:G|Qt—1:G):0-7 P(Qt:qut—le):0-3



Markov Model

e Thejoint probability of a sequence of states is simple to calculate with
the Markov model

P(q1,92 -, 97) = P(q1,92, -, 9r-1)P(q¢lq1, 42, ... qr—1) = P(q1, 92, -, 97-1) P(q7|q7-1)
= P(q1,92, -, 97r-2)P(qr-1l91, 92, ..., qr-2) P(q7lq7r-1)
= P(q1,92, -, 9r-2)P(qr-11q7-2) P(qrlqr-1)

= P(q,)P(q2194) - P(qr-1lqr-2)P(qrlqr—1)



Learning HMM Parameters

e HMM parameters
o Initial state probabilities: P(q,) - m;
o Transition probability matrix: P(q.|q;—1) = a;;
o Observation distribution given a state: P(0.|q.) — b;

e |If labels are aligned with audio, estimate them directly from the training

data and local estimation
Use the softmax

o Initial state probabilities: class histogram output of the
o Transition probability matrix: class-to-class transition histogram local prediction

o Observation distribution: P(0;|q;) = P(q:|10.,)P(0.)/P(q;) <|P(q:|0;.)

e If labels are not aligned with audio, learn them using the EM-based
estimation



Evaluating HMM

e Find the most likely sequence of hidden states given observations and
HMM parameters




Evaluating HMM

e We use dynamic programming!
o Observation distribution - local cost
o Transition probability - matrix transition cost




Viterbi Decoding

e Define a random variable §,(i) that maximize the probability at g, = S;

6;(i)) = max P(q1,92, -, q; = S;, 01,05, ..., 0:| 1)
d1,92,---9t-1

e el (= minimizing the accumulated cost)
o Initialization:

8,(i) = m;b;(0,) 1<i<N

i)=0
1/)1( ) (from start state) Transition cost

. Accumulated cost
o Recursion: e // Local cost
6:(j) = 1r£1ia<)§l St—l(i)aijbj(Ot)
) = argmaxd,_4(i)a;; .
b)) =argmax6,(Day oo 1N

o Termination:

P* = max 8r(i)  (the best score)
qr" = argmax&p(i)

Zien Backtracing)



HMM for Chord Recognition
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Beat-Synchronous Chroma Features

e Make chroma features homogeneous within a beat
o The sequence length for the Viterbi decoding become much shorter

Let It Be - log-freq specgram (LIB-1)
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(D. Ellis)
To catch a chorus: using chroma-based representations for audio thumbnailing, M.A. Bartsch; G.H. Wakefield, WASPAA, 2001



Deep Chroma

e Supervised feature Learning of chroma

o Input: 15 frames of quarter-tone spectrogram
m log-scaled from STFT, 24 bins/oct
o MLP: 3 dense layers of 512 rectified units

o QOutput: chord labels

Spectrogram Hidden Layers Chroma

Feature Learning for Chord Recognition, The Deep Chroma Extractor , Korzeniowski and Widmer, 2014



Deep Chroma

e Deep chroma VS hand-crafted chroma
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Feature Learning for Chord Recognition, The Deep Chroma Extractor , Korzeniowski and Widmer, 2014



Large-Vocabulary Chord Recognition

e CRNN-based chord recognition
o Use the gated recurrent unit (GRU) for RNN
o Structured chord labels

Input

Frequency

The chord notation is represented with
binary vectors of root, pitch and bass fields

( Db:maj(9)/3 )

Simplification _

The root and bass fields: softmax, the pitch field: sigmoid
Compare with the one-hot encoding of chord classes

Input CQT

Encoding 048

—=_
e

1024 !

Structured training for large-vocabulary chord recognition, Brian McFee Juan Pablo Bello, ISMIR, 2017
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Large-Vocabulary Chord Recognition

e Evaluation of large-vocabulary chord recognition

o Root o Tetrads: all intervals

o Thirds: root and third o Maj-Min: major, minor and ‘no-chord’
o Triads: root, third, and fifth o MIREX: at least three correct notes.
o Sevenths: root, third, fifth, and seventh

o Tetrads: all intervals

Method Root Thirds Triads Sevenths Tetrads Maj-Min MIREX
CR2+S+A 0.861 0.836 0.812 0.729 0.671 0.855 0.852
CR2+A 0.850 0.828  0.801 0.719 0.659 0.845 0.837
CR1+S+A 0850 0.824 0.801 0.716 0.648 0.842 0.832
CRI1+A 0.841 0.815 0.791 0.702 0.647 0.834 0.829

KHMM [5] 0.849 0.822 0.785 0.674 0.629 0.817 0.827
DNN [11] 0.838 0.809 0.766 0.654 0.605 0.803 0.812

Structured training for large-vocabulary chord recognition, Brian McFee Juan Pablo Bello, ISMIR, 2017



Chord Recognition Using A Bi-directional Transformer

e Learnlong-term dependency between chords using wider context
o Outperformed the deep chroma and the CRNN models
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A Bi-directional Transformer for Musical Chord Recognition, Jonggwon Park, Kyoyun Choi, Sungwook Jeon, Dokyun Kim, Jonghun Park, ISMIR, 2019



Harmony Transformer

e Joint learning of chord segmentation (change) and chord estimation
o Regionalization: the decode input within a chord segment are averaged
o Cross-attention from the chord segmentation features to chord estimation
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Harmony transformer: Incorporating Chord Segmentation into Harmony Recognition, Tsung-Ping Chen and Li Su, ISMIR, 2019



Large-Vocabulary Chord Recognition Using Curriculum Learning

e Theimbalance of large-vocabulary chord data
o Extended chords are rarer than their corresponding base chord quality

1,400,000 -

800,000 -
600,000 -
400,000 -
200,000 -

Number of frames

Chord Quality

Figure 1: Top: Power-law distribution of chord qualities
in BRIM (see Section 3 for details). Bottom: Hierarchy of
chord qualities.

Curriculum Learning for Imbalanced Classification in Large Vocabulary Automatic Chord Recognition, Luke Rowe, George Tzanetakis, ISMIR, 2021



Large-Vocabulary Chord Recognition Using Curriculum Learning

e Curriculum Learning
o Using training data from easy to hard difficulty in a deep neural network can
lead to faster convergence and guide training towards better local minima

e CQT + CNN + the Bi-directional Transformer

Reweighting the samples every epoch

1+400,0001 so that the distribution becomes uniform = o ge=0
E 1,200,000 = linear
.g 1,000,000 =S el =+ convex
S 00,0001 Uniform distributon e
4 600,000- ) L LLLITTT PP PP
E 400,000 - ﬁ ! € ;
200,000 - . . - Chord Quality Figure 4: Proposed curriculum scheduler functions
0- . -N—— ' P *
& & @ & qgab‘ & @(\b qg:;" & » -:;‘\ _063'5\
| & Reweighting trend over epoch

Curriculum learning, Y. Bengio, J. Louradour, R. Collobert, and J. Weston, ICML, 2009



Large-Vocabulary Chord Recognition Using Curriculum Learning

e The ground-truth chord labels are mapped to a chord vocabulary V of
170 class of chords, which span 12 pitch classes with 14 chord qualities.

Method aCCframe  ACCelass

CT 0.677 0347

CT+CLBaseline 0.647 0.427 :
CT+CLLinear 0658 0439 I
CT+CLConvex 0 657 0.449

CT+EC [14] 0.650  0.379

CRNNp.5,10 [11]  0.630  0.321 ’ %

Figure 5: Chord quality accuracies of CT+CLcopyex €valu-
ated at different points along the curriculum.

Chord Quality Accuracy
Method maj min 7 min7 maj7 sus4 maj6  minb6 sus2  dim aug hdim7 dim7 minmaj7
CT 0.801 0.637 0.518 0576 0570 0277 0.102 0.134 0.034 0365 0.236 0.357 0.031 0.031

CT+CLcomvex 0735 0.626 0.537 0.595 0.634 0.406 0.275 0.288 0.261 0395 0517 0476 0.181 0.229
CT+CLpuseline 0.727 0.618 0512 0.581 0.604 0.411 0.250 0264 0235 0386 0460 0450 0.209 0.151

Curriculum Learning for Imbalanced Classification in Large Vocabulary Automatic Chord Recognition, Luke Rowe, George Tzanetakis, ISMIR, 2021



Tools and Libraries

e Software
o Madmom: https://github.com/CPJKU/madmom
o Essentia: https://essentia.upf.edu/tutorial_tonal_chords.html

o Chorder: symbolic chord recognition
m https://pypi.org/project/chorder/

e Services
o Chordify: https://chordify.net/



https://github.com/CPJKU/madmom
https://essentia.upf.edu/tutorial_tonal_chords.html
https://pypi.org/project/chorder/
https://pypi.org/project/chorder/
https://chordify.net/
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