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ABSTRACT

This paper proposes an automatic chord estimation (ACE)
system with a two-layer architecture. The first layer per-
forms chord smoothing with “GMM + HMM” approach.
Then given the results of the first layer, the second layer per-
forms chord estimation using a deep neural network, which
is trained on a well chord-type balanced dataset. The sys-
tem accepts exactly the “SeventhsBass” vocabulary. Three
approaches with different configurations of the system are
compared with Chordino, which is probably the only both
MIREX evaluated and “SeventhsBass” acceptable ACE sys-
tem. Evaluation results on “The Beatles” dataset show that
the best approach outperforms Chordino in the most difficult
“SeventhsBass” metric in a significant way.

Index Terms— Automatic Chord Estimation, Deep Neu-
ral Network, Deep Belief Network

1. INTRODUCTION

1.1. Evolution in ACE Architectures

Automatic chord estimation has been studied for more than
a decade. The “front-end + back-end” system architecture
paradigm has been evolving from “pitch-class-profile (PCP)
+ template based smoothing” [1, 2, 3], to “PCP + hidden-
Markov-model (HMM) smoothing” [4, 5, 6], to “PCP + Gaus-
sian mixture model(GMM) + HMM” [7], to “PCP + hypoth-
esis/test” [8], and to “PCP + GMM + dynamic Bayesian net-
work™ [9, 10]. Recently, following the success achieved in
speech recognition, deep learning methods [11] start to form
its shape in ACE, such as convolution neural network (CNN)
based system [12], and deep belief network (DBN) - recur-
rent neural network (RNN) based system [13]. Deep learning
enables hierarchical representations be learned from raw fea-
tures and makes better classifiers using these representations.
[14, 15] Obviously more attention is needed in building deep
learning based ACE systems [16].
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1.2. Evolution in ACE Evaluation

Besides the evolution of system architectures, ACE evalua-
tion methods are also evolving, and it is most reflected in the
changing of chord vocabularies in MIREX [17], a yearly Mu-
sic Information Retrieval (MIR) Evaluation eXchange event.
A more complex chord vocabulary leads to a more difficult
task. From 2008 to 2012, the most popular evaluation method
in ACE is the “majmin24” evaluation, namely, only major
and minor triads are evaluated [18]. This leads to a much
easier task, in which sevenths, ninths, etc., are all mapped
to maj/min, even actually more complicated chord voicings
sound very different from their triads. Moreover, chord inver-
sions are not considered, which may have resulted in many
ACE systems avoid generating chord inversions [19, 20], de-
spite the fact that chord inversions sound very different from
their root positions.

Thanks to a recent work on re-examining ACE evalua-
tions [20], the ACE community is now taking a new eval-
uation approach. It contains four main categories (namely,
“MajMin”, “MajMinBass”, “Sevenths” and “SeventhsBass”)
that try to incorporate inversions. Nevertheless, due to the
dominant amount of root position chords, systems that only
accept root positions can still achieve a high score in all these
categories [19] because of their good behavior on root posi-
tions. Thus this is still disadvantageous towards systems that
accept all chord types in “SeventhsBass” category because
they more or less compromise performances on root position
chords due to their wide vocabulary acceptability. It is con-
sidered a big challenge to both accept large chord vocabulary
and achieve high evaluation score under the same vocabulary,
such as “SeventhsBass”, at the same time. A better compar-
ison between algorithms’ performances should also take into
account the vocabulary they accept.

1.3. The Proposed ACE System

The proposed ACE system aims at tackling the challenge of
“SeventhsBass” evaluation on “SeventhsBass” vocabulary.
That is, the system’s chord vocabulary is identical to the
“SeventhsBass”, and it focuses on “SeventhsBass” evaluation
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metric. In order to meet this goal, the system uses a new
ACE architecture. It starts from a frame-wise “PCP + GMM
+ HMM” chord segmentation layer [7]. Then on top of that
it adds a segment-wise “deep neural network (DNN) + HMM
inference” chord estimation layer. The first layer performs a
screen of chord estimation for every frame and segment the
chords. The second layer, when applied, regards the first layer
as a chord segmentation pass and performs another screen of
chord estimation for every segment.

The rest of the paper is organized as follows: section 2 and
3 describe engineering details of the two-layer ACE system;
section 4 gives experiment results under the standard MIREX
evaluation procedure and discusses the results; finally, section
5 sums up the contribution in this paper and deduces some
possible directions that may lead to improvement.

2. FIRST LAYER

The first layer is a complete ACE system by itself. The front-
end performs various signal processing tasks to compute reli-
able bass-treble chromagram. The back-end smooths and de-
codes the chromagram using a probabilistic model. First the
input is resampled at 11025 Hz, and a spectrogram of the in-
put is computed using short-time-Fourier-transform (STFT)
with 4096-point Hamming window and 512-point hop size.
Then each spectrum is up-sampled 80 times and then mapped
to a 252-bin log-frequency spectrum with 1/3-semitone per
bin step. Tuning is performed as indicated in [9], where the
detuning (in semitone) is estimated as:

5:

wrap(—p — 27/3) )
27

where wrap is a function wrapping its input to [—7, ), and ¢
is the phase angle at 27 /3 of the discrete-Fourier-transform of
the time averaged log-frequency spectrogram. After tuning, a
standardization process is performed to attenuate background
noise and enhance harmonic content. It subtracts from the
input matrix the running mean of every column and divides
the result by the running standard deviation of the same input
matrix. The output matrix from the above process is fed to
a non-negative-least-square (NNLS) algorithm [7] (Equation
2), which finds for every input spectrum (Y) an optimal non-
negative fit (X) of a linear combination of a set of semitone
pitch profiles (P). The output is a 84-bin spectrogram with a
semitone per bin step.

minxso||P- X — Y3 2)

2.1. Chromagram Computation

For better chord smoothing results, there is no pre-segment
in this step. Specifically, there is no beat-level averaging. To
take into account the possibility that bass signal will appear in
high pitch range, the system applies a bass profile in the shape

p | o2

Bass - Chord Bass 1 0.1
Bass - Not Chord Bass 1 0.5
Treble - Chord Note 1 0.2
No Chord 1 0.2

Table 1. HMM-1 Parameters

of a Rayleigh distribution (Fig.1). Each chroma are computed
by weighting the input NNLS spectrum (84-bin) with both
profiles, and the saliences belonging to the same pitch class
are merged. The normalized result is a 24-dimension bass-
treble chromagram.

Bass and Treble Profiles
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Fig. 1. Bass(+) and Treble(.) Profiles

2.2. Chord Smoothing Model

The bass-treble chromagram are smoothed and decoded by a
hidden-Markov-model (the first HMM in the system. Let’s
call it HMM-1). The number of its hidden states equals to
the number of chords. Each hidden node generates a 24-
dimension observable node. Each observable node generates
a 24-dimension bass-treble chroma. Its language model is un-
biased towards any type of chord transition except for hav-
ing a very high bias on self transitions. Its acoustic model
is a 24-dimension multivariate Gaussian model with param-
eters specified in Table 1. They are tuned for better chord
inversion recognition. Since the results in this stage are sub-
ject to be corrected in the next stage, thus the model is called
“chord smoothing model”, because the major contribution of
this stage as seen by the next stage is to divide the input
into harmonic segments or chord segments. The system’s
chord vocabulary is identical to “SeventhsBass”, including
maj, min, maj7, 7, min7, maj/3, maj/5, min/b3, min/5, maj7/3,
maj7/5, maj7/7,7/3, 7/5, 7/b7, min7/b3, min7/5 min7/b7 and
the N chord, perfectly conforming with the current MIREX
evaluation standard. [20]

3. SECOND LAYER

The second layer is a single chord classifier by itself. When
applied on top of the first layer, it re-examines the labels of
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every segment and re-labeled them. Two schemes based on
DNN have been implemented for comparison. One is with-
out DBN pre-train and the other is with DBN pre-train . Both
networks are trained using “JayChou29”, a Chinese pop song
ground-truth dataset manually labeled by the author. The
chord type composition of this dataset is well balanced. It
contains 45.6% maj/min chords, 30.5% seventh chords (maj7,
min7 and 7), 20.3% inversion chords, and 3.6% no-chord.

3.1. DNN Based Estimation

In this scheme, a 4-layer feed-forward neural network is
trained to fit the “JayChou29” dataset. The 24-dimension
bass-treble chroma is chosen as input feature. We choose
input feature at this level indicates that we tend to believe
the prior knowledge we have in traditional ACE practice.
Given the limited amount of training data, especially for mi-
nority chords, having prior knowledge means the data can
be released for more focused use on training higher level
representations. The two hidden layers are with size 120
and 544 respectively. The output layer is 277-way soft-
max, corresponding to the posterior probabilities of chords
in “SeventhsBass”. All input-output pairs in training data
are transposed with 12 different roots to enlarge the num-
ber of training cases 12 times. The network is trained with
1000 iterations of full-batch gradient descent, with weight
decay factor A = 1. The trained neural network is taken as
an acoustic model, which outputs probabilities of the 277
chords given a bass-treble chroma. We call a sequence of
such chord probabilities a “chordogram”, and a single such
277-dimension vector a “chordo”. The acoustic model is
coupled with a hidden-Markov-model (HMM-2. Fig. 2) with
277 hidden states. In HMM-2, each hidden node generates a
277-dimension observable node. The emission probabilities
are modeled as a 277-dimension Gaussian with 4 = 1 and
o2 = 0.1. Both the transition matrix and the prior probabili-
ties are set to uniform distribution. The new labels generated
by HMM-2 will be taken as the chord progression output.

3.2. DBN-DNN Based Estimation

In this scheme, the feed-forward neural network is turned
into a deep belief network [21], where the lower three layers
are turned into two stacked restricted Boltzmann machines
(RBMs), and their connections to the output layer remains
the same (Fig. 2). To train this network, first the two stacked
RBMs are pre-trained using contrastive divergence (CD) al-
gorithm [21]. After the lower RBM is trained, its hidden
units are regarded as visible units to train the second RBM.
Each RBM is pre-trained with 10000 iterations of CD-1 with
stochastic mini-batch gradient descent of size 1000. The un-
labeled data is taken from “JayChou29”. After pre-training,
the whole network is regarded as a feed-forward DNN, whose
initial weights are set by the pre-training process, and it is
trained using the same procedure as in the previous section.
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Fig. 2. DBN-DNN based estimation. Note that the decoding
is segment-wise.

Mm | MmB 7 7B S NZ
Chordino 74.3 714 | 53.0 | 50.6 | 301.2 9
HMM-1 74.2 62.6 | 66.0 | 55.5 | 278.7 13
DNN-HMM-2 | 714 66.5 62.0 | 57.8 | 297.1 13
DBN-HMM-2 | 70.5 656 | 61.3 | 57.0 | 2884 | 13
NIV 74.3 723 66.2 | 644 | 183.7 8

Table 3. Overall accuracy results on 5 different approaches.
M=Maj, m=min, 7=Sevenths, B=Bass, S=sum of individual
chord performances, NZ=# of non-zero fields

4. RESULTS AND DISCUSSIONS

Among the many ACE systems submitted to MIREX for
open-to-public evaluation between 2013-2015 (that is, after
the new evaluation standard [20]), only the “Chordino” sys-
tem [22] supports chord inversions [19]. It has very good
performance despite accepting a large chord vocabulary. Al-
though it does not fully support “SeventhsBass”, it is still a
high standard baseline approach with a similar vocabulary
constraints as the proposed system’s. (After submission of
this paper, we submit our system and the JayChou29 dataset
to MIREX ACE 2015. Now all the results are publicly avail-
able in MIREX ACE 2015’s website'. Note that the good
results on Billboard datasets, which we don’t have access
to, further demonstrates the generality of the proposed ap-
proaches)

There are several approaches to compare: Chordino; the
proposed system with HMM-1 only; with DNN-HMM-2; and
with DBN-HMM-2. And there’s a fifth approach based on
HMM-1 but not accepting chord inversions. The experiment
results on “The Beatles” 180 songs dataset are shown in table
3. Let’s focus on the first 4 approaches. In terms of “Ma-
jMinBass” and “Sevenths”, the results show Chordino wins
the former but loses the latter. But when referring to indi-
vidual chord-type result in Table 2, what actually happens is
Chordino performs better at all seventh chords but worse at

!'www.music-ir.org/mirex/wiki/2015: Audio_Chord_Estimation_Results



K4 2.01 | 095 | 63.31 0.02 0.17 0.27 0.82 | 0.08 | 0.06 | 039 | 833 | 0.61 0.44 14.99 0.01 0.06 0.41 2.37

M/5 M/3 M M7/5 | M7/3 | M7/7 M7 7/5 7/3 /b7 7 m/5 m/b3 m m7/5 | m7/b3 | m7/b7 m7

CH 19.9 17.1 54.4 0.0 0.0 0.0 55.6 0.0 0.0 5.7 41.0 0.0 0.0 54.3 0.0 0.0 0.0 51.0
HM | 37.1 17.2 67.3 0.0 0.0 13.6 22.1 0.0 0.0 8.8 3.6 23.1 15.3 56.8 0.0 0.0 0.8 10.7
DN | 24.0 | 25.1 67.9 0.0 0.0 0.0 39.4 0.0 10.1 13.2 4.1 4.4 9.8 58.9 0.0 0.0 0.7 36.2
DB 23.1 26.0 66.7 0.0 0.0 0.0 36.6 0.0 1.9 18.5 4.5 4.4 11.4 58.6 0.0 0.0 0.5 32.5
NI 0.0 0.0 79.3 0.0 0.0 0.0 15.4 0.0 0.0 0.0 2.6 0.0 0.0 73.9 0.0 0.0 0.0 10.2

Table 2. Detail accuracy results on 5 different approaches. The system order is the same as in Table 3. (M=maj, m=min)

all inversions. This can be explained by examining the chord
mapping scheme involved in both metrics. In “MajMinBass”,
chords are mapped to their triads, while in “Sevenths”, chord
inversions are mapped to their root positions. Thus the seem-
ingly contradictory phenomenon implies that Chordino tends
to mis-classify chords to their sevenths or vice versa, but our
system tends to mis-classify chords to their inversions or vice
versa.

If we focus on “SeventhsBass” metric, which is a weighted
average of all the individual chord-type performances in Ta-
ble 2, the best approach is DNN-HMM-2. The fifth approach
is flawed because it only considers root positions, which is
not at a fair bottom line as the other four, but we are not
able to deduce this conclusion by looking at the metric score
alone. The reason why the fifth approach stands out is be-
cause the test dataset contains far more root position chords
than inversions. In this case, we need to count on other met-
rics. One proper metric is the number of non-zero scores. If
we compute this on Table 2, the Chordino gets 9, NIV is 8§,
and others are 13. It shows the vocabulary capability of our
system. Another proper metric is simply the sum of individ-
ual scores (regardless of the weight). The sum of Chordino
is 301.2, the three proposed approaches are 278.7, 297.1 and
288.4 respectively, but NIV has only 183.7. This on one hand
strongly indicates the NIV approach is flawed, and on the
other hand shows Chordino is still extremely competitive, at
least on the chosen dataset.

Notice that the DBN approach performs similar to the
DNN approach, which means the initial weights set by pre-
training two stacked RBMs doesn’t help much in our system.
Actually during different trials in training, there’s always an
over 10% variance between training set and validation set ac-
curacy, no matter how the hyperparameters are chosen (even
if using a much lower level 252-bin pitch salience profile as
input feature instead). The performance boost in “Sevenths-
Bass” is due to the well balance of the training set, but it
still does not reach a welcoming range (such as above 70%).
This has at least two reasons. The obvious reason is that the
amount of training data is far from enough. Specifically, the
amount of minority chord types data is far from enough. This
can only be solved by a much larger training dataset, and thus
asks for the ACE community to collect more ground-truth
data of minority chord types. The second reason is not so
obvious. It is a problem of the proposed second layer itself,
that a chord is actually not recognized by first averaging the
sound in each harmonic segment, but by decoding the seg-
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ment one slice at a time. For example in an alternating C-G
bass scenario of a C:maj, it is recognized as C:maj because
one hears the C bass before the G bass. But if averaging
the segment, one will confuse whether it should be a C:maj
or C:maj/5. There is even more confusion in a walking bass
scenario, in which a chord could be recognized as any of its
inversion form. Unfortunately in “The Beatles” data set, the
above mentioned two scenarios are quite common, so that our
system tends to mis-classify a lot of root position chords to
their inversions.

5. CONCLUSION

Among the 3 approaches spawned from the proposed sys-
tem, the DNN-HMM-2 performs the best. Compared with
Chordino, our system wins in terms of the most complex met-
ric “SeventhsBass” in a significant way, given a bottom line
that both systems accept chord inversions. The performance
gain is mainly because the training set is well balanced with a
proper amount of various chord types, but the system’s ar-
chitecture itself suffers from a key defect that it is unable
to differentiate the time order of a bass line within a har-
monic/chord segment. A better DNN-DBN based architec-
ture should be able to accept intra-segment context informa-
tion into its input layer (note that both [13] and [12] have
similar ideas but they lack large vocabulary evaluations). An-
other way to improve the system is to incorporated a non-
uniform language model in HMM-2. But a good language
model demands much more labeled data on minority chord
transitions. The lack of minority chord data also partly lead
to our choice of a 24-dimension input feature instead of a
much lower level of raw feature. Thus the learning is not
quite “deep” though, since we tend to believe the traditional
ACE practice has somewhat figured out a good set of con-
nections and representations in the front-end. Nevertheless,
hard-wiring these prior knowledge into the system can ease
the limited amount of data for more focused use on a higher
level network.

In future deep learning based ACE, we need more sophis-
ticated architectures to incorporate subtle time dependencies;
meanwhile we also need a dataset with more abundant mi-
nority chords both to do better training on machine learning
models and to setup fairer evaluation tasks.
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