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Introduction

● Chord
○ A harmonic set of multiple notes accompanying the melody
○ Make the tone perceptually (and emotionally) rich: pleasure or tension  
○ A sequence of chords forms “musical progress”: e.g. I-V-I, I-ii-V-I 

Beatles “Let it be”

[The FMP book]



Why we perceive consonance and dissonance?  

● Two sinusoidal tones dissonant if their frequencies are within 3 ST 
(minor 3rd)
○ More precisely if they are within “critical band” in human ears 

● Consonance and dissonance of two harmonics tones
○ Determined by how much harmonics of two tones are within critical bands
○ As more harmonics overlap with each other, they are more consonant

■ Simple ratios (1:2, 2:3, 3:4,… ) have more overlaps



Interval 

[The FMP book]



Chord

● Chords are formed by stacking major 3rd or minor 3rd intervals
○ This ends up with stacking up major or minor 3rds: triad
○ 7th, 9th chords are obtained by stacking up another major or minor 3rd



Scales

● Major Scale
○ Formed by spreading notes from three major chords

● Minor scale
○ Formed by spreading notes from three minor chords (natural minor scale)
○ Harmonic or melodic minor scale can be formed by using both minor and 

major chords



Tonal music 

● Tonal music
○ The absolute majority of music is tonal
○ Tonal music has a tonal center called key (tonic note)

■ There are 12 keys (C, C#, D, …, B)
○ Each note on the scale has a different role determined by the relation with 

the tonic note. 

C major



Chord Notations

[The FMP book]

C major

G major

D major



Chord Progression

● Form a successive impression of stability and instability
○ Tonal harmony is basically about how to create tension and resolve it with 

different quality of consonance and dissonance

[The FMP book]



Automatic Chord Recognition 

● Traditional methods
○ Template-based Pattern Matching

● Classification-based methods
○ Supervised learning using a classification model
○ The output can be one-hot class of chords or a structured formed



Template-based Pattern Matching

● General Framework
○ Chroma features
○ Chord template matching
○ Post-processing 

[The FMP book]



Template-based Pattern Matching

● Use the similarity between chord vector and binary templates for each 
chord

[The FMP book]



Template-based Pattern Matching

● Use correlation (inner product) between chroma vectors and templates

● Frame-based prediction from the 
maximum correlation values
○ Chord predictions can be not continuous 
○ Does not consider temporal dependency 

of chord progressions

[The FMP book]



HMM for Chord Recognition

● Use the Viterbi decoding
○ Local prediction: output of chord template matching
○ Transition probability: calculated as chord labels (chord progression)
○ Initial probability: chord distribution  

[The FMP book]
Calculated from the Beatles dataset



HMM for Chord Recognition

[The FMP book]
Chord-Template Matching HMM Post-processing



Beat-Synchronous Chroma Features

● Make chroma features homogeneous within a beat 
(Bartsch and Wakefield, 2001)

(From Ellis’ slides)



Deep Chroma

● Supervised feature Learning of chroma
○ Input: 15 frames of quarter-tone spectorgram
○ MLP: 3 dense layers of 512 rectified units  
○ Output: chord labels

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

spectively, and �l is a (usually non-linear) activation func-
tion applied point-wise.

We define two additional special layers: an input layer
that is feeding values to h1 as h0(x) = x, with U0 being
the input’s dimensionality; and an output layer hL+1 that
takes the same form as shown in Eq. 1, but has a specific
semantic purpose: it represents the output of the network,
and thus its dimensionality UL+1 and activation function
�L+1 have to be set accordingly. 2

The weights and biases constitute the model’s parame-
ters. They are trained in a supervised manner by gradient
methods and error back-propagation in order to minimise
the loss of the network’s output. The loss function de-
pends on the domain, but is generally some measure of dif-
ference between the current output and the desired output
(e.g. mean squared error, categorical cross-entropy, etc.)

In the following, we describe how we compute the input
to the DNN, the concrete DNN architecture and how it was
trained.

4.1 Input Processing

We compute the time-frequency representation of the sig-
nal based on the magnitude of its STFT X . The STFT
gives significantly worse results than the constant-q trans-
form if used as basis for traditional chroma extractors, but
we found in preliminary experiments that our model is not
sensitive to this phenomenon. We use a frame size of 8192
with a hop size of 4410 at a sample rate of 44100 Hz. Then,
we apply triangular filters to convert the linear frequency
scale of the magnitude spectrogram to a logarithmic one in
what we call the quarter-tone spectrogram S = F4

Log · |X|,
where F4

Log is the filter bank. The quarter-tone spectro-
gram contains only bins corresponding to frequencies be-
tween 30 Hz and 5500 Hz and has 24 bins per octave. This
results in a dimensionality of 178 bins. Finally, we apply
a logarithmic compression such that Slog = log (1 + S),
which we will call the logarithmic quarter-tone spectro-
gram. To be concise, we will refer to SLog as “spectro-
gram” in rest of this paper.

Our model uses a context window around a target frame
as input. Through systematic experiments on the validation
folds (see Sec.5.1) we found a context window of ±0.7 s to
work best. Since we operate at 10 fps, we feed our network
at each time 15 consecutive frames, which we will denote
as super-frame.

4.2 Model

We define the model architecture and set the model’s
hyper-parameters based on validation performance in sev-
eral preliminary experiments. Although a more systematic
approach might reveal better configurations, we found that
results do not vary by much once we reach a certain model
complexity.

2 For example, for a 3-class classification problem one would use 3
units in the output layer and a softmax activation function such that the
network’s output can be interpreted as probability distribution of classes
given the data.

Figure 1. Model overview. At each time 15 consecutive
frames of the input quarter-tone spectrogram SLog are fed
to a series of 3 dense layers of 512 rectifier units, and fi-
nally to a sigmoid output layer of 12 units (one per pitch
class), which represents the chroma vector for the centre
input frame.

Our model is a deep neural network with 3 hidden layers
of 512 rectifier units [11] each. Thus, �l(x) = max(0, x)
for 1  l  L. The output layer, representing the chroma
vector, consists of 12 units (one unit per pitch class) with a
sigmoid activation function �L+1(x) = 1/1+exp(�x). The
input layer represents the input super-frame and thus has a
dimensionality of 2670. Fig. 1 shows an overview of our
model.

4.3 Training

To train the network, we propagate back through the net-
work the gradient of the loss L with relation to the net-
work parameters. Our loss is the binary cross-entropy
between each pitch class in the predicted chroma vector
p = hL+1(Slog) and the target chroma vector t, which is
derived from the ground truth chord label. For a single data
instance,

L =
1

12

12X

i=1

�ti log(pi)� (1� ti) log(1� pi). (2)

We learn the parameters with mini-batch training (batch
size 512) using the ADAM update rule [16]. We also tried
simple stochastic gradient descent with Nesterov momen-
tum and a number of manual learn rate schedules, but could
not achieve better results (to the contrary, using ADAM
training usually converged earlier). To prevent over-fitting,
we apply dropout [26] with probability 0.5 after each hid-
den layer and early stopping if validation accuracy does
not increase after 20 epochs.

5. EXPERIMENTS

To evaluate the chroma features our method produces, we
set up a simple chord recognition task. We ignore any post-
filtering methods and use a simple, linear classifier (logis-
tic regression) to match features to chords. This way we
want to isolate the effect of the feature on recognition ac-
curacy. As it is common, we restrict ourselves to distinct
only major/minor chords, resulting in 24 chord classes and
a ’no chord’ class.



Deep Chroma

● Deep chroma VS hand-crafted chroma

Figure 6. Average saliency of all input frames of the Bea-
tles dataset (bottom image), summed over the time axis
(top plot). We see that most relevant information can be
collected in barely 3 octaves between G3 at 196 Hz and
E6 at 1319 Hz. Hardly any harmonic information resides
below 110 Hz and above 3136 Hz. The plot is spiky at
frequency bins that correspond to clean semitones because
most of the songs in the dataset seem to be tuned to a refer-
ence frequency of 440 Hz. The network thus usually pays
little attention to the frequency bins between semitones.

Figure 7. Excerpts of chromagrams extracted from the
song “Yesterday” by the Beatles. The lower image shows
chroma computed by the CW

Log without smoothing. We see
a good temporal resolution, but also noise. The centre im-
age shows the same chromas after a moving average filter
of 1.5 seconds. The filter reduced noise considerably, at
the cost blurring chord transitions. The upper plot shows
the chromagram extracted by our proposed method. It dis-
plays precise pitch activations and low noise, while keep-
ing chord boundaries crisp. Pixel values are scaled such
that for each image, the lowest value in the respective chro-
magram is mapped to white, the highest to black.

seems to suffice as input to chord recognition methods. Us-
ing saliency maps and preliminary experiments on valida-
tion folds we also found that a context of 1.5 seconds is
adequate for local harmony estimation.

There are plenty possibilities for future work to extend
and/or improve our method. To achieve better results, we
could use DNN ensembles instead of a single DNN. We
could ensure that the network sees data for which its pre-
dictions are wrong more often during training, or similarly,
we could simulate a more balanced dataset by showing
the net super-frames of rare chords more often. To fur-
ther assess how useful the extracted features are for chord
recognition, we shall investigate how well they interact
with post-filtering methods; since the feature extractor is
trained discriminatively, Conditional Random Fields [17]
would be a natural choice.

Finally, we believe that the proposed method extracts
features that are useful in any other MIR applications that
use chroma features (e.g. structural segmentation, key esti-
mation, cover song detection). To facilitate respective ex-
periments, we provide source code for our method as part
of the madmom audio processing framework [2]. Informa-
tion and source code to reproduce our experiments can be
found at http://www.cp.jku.at/people/korzeniowski/dc.
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[3] S. Böck, F. Krebs, and G. Widmer. A multi-model ap-
proach to beat tracking considering heterogeneous mu-
sic styles. In Proceedings of the 15th International So-
ciety for Music Information Retrieval Conference (IS-
MIR), Taipei, Taiwan, 2014.
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Figure 2. Validation WCSR for Major/minor chord recog-
nition of different methods given different audio context
sizes. Whiskers represent 0.95 confidence intervals.

Our compound evaluation dataset comprises the Beat-
les [13], Queen and Zweieck [18] datasets (which form the
“Isophonics” dataset used in the MIREX 3 competition),
the RWC pop dataset 4 [12], and the Robbie Williams
dataset [8]. The datasets total 383 songs or approx. 21
hours and 39 minutes of music.

We perform 8-fold cross validation with random splits.
For the Beatles dataset, we ensure that each fold has the
same album distribution. For each test fold, we use six of
the remaining folds for training and one for validation.

As evaluation measure, we compute the Weighted
Chord Symbol Recall (WCSR), often called Weighted Av-
erage Overlap Ratio (WAOR) of major and minor chords
using the mir eval library [23].

5.1 Compared Features

We evaluate our extracted features CD against three
baselines: a standard chromagram C computed from
a constant-q transform, a chromagram with frequency
weighting and logarithmic compression of the underlying
constant-q transform CW

Log , and the quarter-tone spectro-
gram SLog . The chromagrams are computed using the li-
brosa library 5 . Their parametrisation follows closely the
suggestions in [7], where CW

Log was found to be the best
chroma feature for chord recognition.

Each baseline can take advantage of context informa-
tion. Instead of computing a running mean or median,
we allow logistic regression to consider multiple frames of
each feature 6 . This is a more general way to incorporate
context, because running mean is a subset of the context
aggregation functions possible in our setup. Since training
logistic regression is a convex problem, the result is at least
as good as if we used a running mean.

3 http://www.music-ir.org/mirex
4 Chord annotations available at https://github.com/tmc323/

Chord-Annotations
5 https://github.com/bmcfee/librosa
6 Note that this description applies only to the baseline methods. For

our DNN feature extractor, “context” means the amount of context the
DNN sees. The logistic regression always sees only one frame of the
feature the DNN computed.

Btls Iso RWC RW Total

C 71.0±0.1 69.5 ±0.1 67.4±0.2 71.1±0.1 69.2±0.1

CW
Log 76.0±0.1 74.2 ±0.1 70.3±0.3 74.4±0.2 73.0±0.1

SLog 78.0±0.2 76.5 ±0.2 74.4±0.4 77.8±0.4 76.1±0.2

CD 80.2±0.1 79.3±0.1 77.3±0.1 80.1±0.1 78.8±0.1

Table 1. Cross-validated WCSR on the Maj/min task of
compared methods on various datasets. Best results are
bold-faced (p < 10�9). Small numbers indicate stan-
dard deviation over 10 experiments. “Btls” stands for the
Beatles, “Iso” for Isophonics, and “RW” for the Robbie
Williams datasets. Note that the Isophonics dataset com-
prises the Beatles, Queen and Zweieck datasets.

We determined the optimal amount of context for
each baseline experimentally using the validation folds, as
shown in Fig. 2. The best results achieved were 79.0% with
1.5 s context for CD, 76.8% with 1.1 s context for SLog ,
73.3% with 3.1 s context for CW

Log , and 69.5% with 2.7 s
context for C. We fix these context lengths for testing.

6. RESULTS

Table 1 presents the results of our method compared to the
baselines on several datasets. The chroma features C and
CW

Log achieve results comparable to those [7] reported on
a slightly different compound dataset. Our proposed fea-
ture extractor CD clearly performs best, with p < 10�9

according to a paired t-test. The results indicate that the
chroma vectors extracted by the proposed method are bet-
ter suited for chord recognition than those computed by the
baselines.

To our surprise, the raw quarter-tone spectrogram SLog

performed better than the chroma features. This indicates
that computing chroma vectors in the traditional way mixes
harmonically relevant features found in the time-frequency
representation with irrelevant ones, and the final classifier
cannot disentangle them. This raises the question of why
chroma features are preferred to spectrograms in the first
place. We speculate that the main reason is their much
lower dimensionality and thus ease of modelling (e.g. us-
ing Gaussian mixtures).

Artificial neural networks often give good results, but
it is difficult to understand what they learned, or on which
basis they generate their output. In the following, we will
try to dissect the proposed model, understand its workings,
and see what it pays attention to. To this end, we com-
pute saliency maps using guided back-propagation [25],
adapting code freely available 7 for the Lasagne library [9].
Leaving out the technical details, a saliency map can be in-
terpreted as an attention map of the same size as the input.
The higher the absolute saliency at a specific input dimen-
sion, the stronger its influence on the output, where pos-
itive values indicate a direct relationship, negative values
an indirect one.

Fig. 3 shows a saliency map and its corresponding
super-frame, representing a C major chord. As expected,

7 https://github.com/Lasagne/Recipes/

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



Chord Recognition: CRNN

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

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

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

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



Resources

● Chordify
○ https://chordify.net/

● Software
○ Madmom: https://madmom.readthedocs.io/

https://chordify.net/
https://madmom.readthedocs.io/

