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Abstract. Given a piece of acoustic musical signal, various automatic
music transcription (AMT) processing methods have been proposed to
generate the corresponding music notations without human interven-
tion. However, the existing AMT methods based on signal processing
or machine learning cannot perfectly restore the original music signal
and have significant distortion. In this paper, we propose a novel pro-
cessing method which integrates various AMT methods so as to achieve
better performance on music transcription. This integrated method is
based on the entropic regularized Wasserstein Barycenter algorithm to
speed up the computation of the Wasserstein distance and minimize the
distance between two discrete distributions. Moreover, we introduce the
proportional transportation distance (PTD) to evaluate the performance
of different methods. Experimental results show that the precision and
accuracy of the proposed method increase by approximately 48% and
67% respectively compared with the existing methods.
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1 Introduction

Famous audio researchers Moore [1], Pitztalski and Galler [2] proposed the term
“Automatic Music Transcription” (AMT) firstly in 1977. These audio researchers
believed that by programming computers, they can manage to analyze digital
records of music, so that they could detect the pitch of melodies and chord
patterns as well as the rhythm of percussion instruments. In music transcription
system, a musical acoustic signal can be transformed to the format of music
notation like a MIDI file [3]. As a basic problem in Music Information Retrieval
(MIR), a complete AMT system would resolve the pitch, timing, and instrument
of the sound events.

Various research groups of polyphonic pitch detection used different tech-
niques for music transcriptions. Yeh [4] presented a cross pitch estimation algo-
rithm based on the score function of a pitch candidate set. Nam et al. [5] posed
a transcription approach which uses deep belief networks to calculate a mid-
level time-pitch representation. Duan et al. [6] and Emiya et al. [7] proposed a
model of spectral peak, non-peak region and the residual noise via Maximum
Likelihood (ML) Methods. More recently, Peeling and Godsill [8] raised a F0
estimation function and an inhomogeneous Poisson in the frequency domain.
In spectrogram factorization-based multi-pitch detection, resulting in harmonic
and inharmonic NMF, Vincent et al. [9] merged harmonic constraints in the
NMF model. Bertin et al. [10] presented a Bayesian model based on NMF, and
each pitch in harmonic positions is treated as a model of Gaussian components.
Fuentes et al. [11] modeled each note as a weighted amount of narrowband log
spectrum, and switched to log frequency with the convoluted PLCA algorithm.
Abdallah and Plumbley [12] combined machine learning and dictionary learning
via non-negative sparse coding.

In this paper, we propose a converged method based on Earth Mover’s Dis-
tance and Wasserstein Barycenter, to compare our experimental result of music
transcription with the ground truth. In Sect. 2, we introduce the algorithm of
Earth Mover’s Distance and Wasserstein Barycenter. In Sect. 3, we present an
experiment including data preparation, music transcription with NMF, data
trimming, merging and evaluation. At last, we conclude that our crowdsourcing
method improves the robustness and accuracy of transcription result.

2 Algorithm

Our idea of music transcription ensemble is inspired by the recent study on Earth
Mover’s Distance and Wasserstein Barycenter in the area of machine learning.
Here, we introduce their formal definitions first.

Definition 1 (Earth Mover’s Distance (EMD) [13,14]). Let X = {x1, x2,
· · · , xn1} and Y = {y1, y2, · · · , yn2} be two sets of weighted points in R

d with
non-negative weights αi and βj for each xi ∈ X and yj ∈ Y respectively, and
WX and WY be their corresponding total weights. The Earth Mover’s Distance
between X and Y is EMD(X,Y )
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=
1

min{WX ,WY } min
F

n1∑

i=1

n2∑

j=1

fij ||xi − yj ||2, (1)

where F = {fij} is a feasible flow from X to Y , i.e., each fij ≥ 0,
∑n1

i=1 fij ≤ βj,∑n2
j=1 fij ≤ αi, and

∑n1
i=1

∑n2
j=1 fij = min{WX ,WY }.

Roughly speaking, EMD is an example of the least cost and maximum flow
problem in Euclidean space R

d. Therefore, the problem of computing EMD can
be solved by linear programming [15]. In addition, several faster algorithms have
been proposed by using the techniques developed in computational geometry
[16–18]. Following EMD, we have the definition of Wasserstein Barycenter.

Definition 2 (Wasserstein Barycenter (WB) [19]). Given a set of point
sets X1,X2, · · · ,Xk ⊂ R

d, where each Xj has the same total weight, the problem
of Wasserstein Barycenter is to build a new point set Q, such that the total EMDs∑k

j=1 EMD(Xj , Q) is minimized.

Intuitively, the WB Q can be treated as the representation of all the given
patterns X1,X2, · · · ,Xk. As mentioned in [14], WB has extensive applications
in practical areas. For example, it can be applied to compute the average of
a large set of images, so as to obtain a robust pattern or compress the image
dataset. Prior works include [19–25]. Recently, researchers also use WB to handle
Bayesian inference problem [26].

In theory, Ding and Liu have systematically studied the problem of WB (they
call it as geometric prototype in the paper) [14]. Given an instance of geometric
prototype problem, they show that a small core-set, which is independent of
any geometric prototype algorithm, can be effectively computed. That is, one
can achieve a similar result via running any available black box algorithm on
the core-set. The benefit of computing the core-set is that the data size can be
significantly reduced and thus the existing algorithms can run much faster. The
reader can find more details about core-set in [27,28].

In this paper, we adopt the method from [22] for computing WB. For the
sake of completeness, we briefly describe their algorithm below.

In Ye’s paper [22], they have developed an improved Bregman ADMM
(B-ADMM) method to optimize the centroid of big clusters. With the calcu-
lation of centroid distribution, clustering has a serious expandability problem,
and they introduced the Wasserstein barycenter algorithm, which can calculate
the sum of least squared distances with cluster members.

Suppose a set of discrete distributions {Q(1), ..., Q(N)}, N stands for the size
of a Wasserstein barycenter’s computation. They intend to get a centroid Q:
{(ω1, x1), ..., (ωm, xm)}, such that

min
Q

1
N

∑N

n=1
W 2(Q,Q(n)) (2)
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where includes the weights of the centroids {ωi ∈ R+}, the supporting points
{xi ∈ R

d}, and the optimum coupling between Q and Q(n) for each n, expressed
as {π

(n)
i,j }.

Clustering in B-ADMM method optimizes {ωi} and {π
(n)
i,j } in turn, n =

1, 2, . . . ,N, versus {xi}. Δn is defined a Probabilistic simplex of n dimensions.
To solve the optimal transport issue, they have introduced two sets of variables
π(n,1) = (π(n,1)

i,j ), i ∈ L′, j ∈ Ln, and π(n,2) = (π(n,2)
i,j ), i ∈ L′, j ∈ Ln, for n =

1, 2, · · · , N the constraints as follows. Let

Δn,1 := {π
(n,1)
i,j � 0 :

∑m

i=1
π
(n,1)
i,j = ω

(n)
j , j ∈ Ln} (3)

Δn,2(ω) := {π
(n,2)
i,j � 0 :

∑m

j=1
π
(n,2)
i,j = ωi, i ∈ L′} (4)

then π(n,1) ∈ Δ
n,1 and π(n,2) ∈ Δ

n,2(ω).

3 Experiment

In this section, we start to describe training data and experimental settings,
and then conduct the state-of-the-art method to merge different transcription
results. In this experiment, we employ anaconda3 and python3.5 to perform the
transcription, and sklearn toolbox to deal with data; while adopted pycharm to
merge the data of different transcription results.

3.1 Data Preparation in Different Scenes

In data preparation period, the instrumental sound records in studio were
described as dry source, however, most of scenes were not ideal. For a large
amount of ground noises would be added to dry source during recording due to
the sound card device or background. What’s more, some instrumental sounds
were recorded in different scenes and added different noises. We chose three clas-
sical music pieces by Bach, Mozart and Beethoven and preprocessed them with
filter noise, distortion noise, reverb noise and dynamic noise.

3.2 Experimental Settings and Transcription

In this paper, we first proposed a method based on non-negative matrix factor-
ization. Non-negative matrix factorization (NMF) algorithm is utilized as a tool
for music transcription [29]. The NMF model in its simplest form decomposes
an input spectrogram A ∈ R

X×Y
+ with X frequency bins and Y frames as:

A ≈ FT (5)
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where R � X,Y; F ∈ R
X×Y
+ contains the spectral cardinality of each R tone

component; and T ∈ R
X×Y
+ is the matrix of pitch activity across time.

Then we employed a fresh and simple Time-frequency representation, using
the effectiveness of spectral features when highlighting the start time of notes.
In addition, we adopted the NMF model to input the proposed features. In our
system, we used different audio signals recorded in different scenes with a sample
rate of 48 kHz. We split the frame with a hamming window of 8192 samples and
a jump size of 1764 samples. The 16384-point DFT was calculated on every
frame via double zero padding. Smoothing the spectrum through a median filter
covered 100 ms. The algorithms is updated and iterated 50 times. Each row of
the transcription results showed: onset time, offset time, notations of Midi are
as followed in Fig. 1.

Fig. 1. The transcription result

3.3 Data Trimming with Random Forest

When we conducted the transcription experiment, we found that the results had
some differences in dimensions of matrixes and maybe some data were lost or
added when transcription was performing. In order to obtain a better merging
result, we applied Random Forest Regression to complete data trimming through
inserting the predicted value or removing the large deviation. Random forest is an
integrated algorithm of decision tree. Random forests contain multiple decision
trees to reduce the risk of over-fitting.

Random forests train is a series of decision trees, so the training process is
analogical. Due to the addition of random processes to the algorithm, there is a
small difference among each decision tree. By combining the prediction results
of each tree, the variance of the prediction is reduced and the performance on
the test set is improved. Random representation:

1. At each iteration, the original data are subsampled to obtain different training
data.

2. For each tree node, considering different random feature subsets as split.
3. The training process of decision making is the same as that of decision tree.
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We first made an initial guess at the missing value, such as filling it with
mean/median, then sorting it from small to large according to the missing rate
of variable. Using Random Forest Regression to fill in the missing value of vari-
able first, and then iterating it until the latest and final filling result no longer
change (with little change). As is shown in Fig. 2, according to Random Forest
Regression which we can obtain the predict value and then by comparing with
true value, the result is great.

Fig. 2. Data prediction with Random Forest Regression (red line stands for predict
value and green line stands for true value) (Color figure online)

3.4 Ensemble and Comparison

In this section, we used transcribed data sets adding four kinds of noises to
see the properties of the ensemble method through the Wasserstein Barycenter
algorithm which we described above. In ensemble experiments, we examined the
conditions under which ensemble method could estimate clusters of transcrip-
tion data. In comparison experiments, we compared the ensemble method with
single transcription method in four scenes through Proportional Transportation
Distance (PTD) to see the advantages of the ensemble method.

(i) Ensemble. Firstly, we examined data sets in four scenes (adding filter noise,
distortion noise, reverb noise and dynamic noise) under which we could get
reasonable clusters. Then, we employed the Wasserstein Barycenter algorithm
as our ensemble method to obtain results. For example, as is shown in Fig. 3, we
put forward the transcription data with reverb noises before ensemble. It can be
seen that there is a large gap between unmerged data and raw data.

While, we generated the 10 transcription data adding with different reverb
noises and then merged them through Wasserstein means algorithm. The com-
parison between merged data and raw data is shown in Fig. 4.

(ii) Comparison. We show that ensemble method is more robust than single
transcription method in four scenes through Proportional Transportation Dis-
tance (PTD). The experimental results are evaluated objectively by using PTD
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Fig. 3. The raw data and unmerged data with reverb noises. (The blue dots represent
the raw data) (Color figure online)

Fig. 4. The raw data and merged data with reverb noises. (The blue dots represent
raw data) (Color figure online)

described above. The PTD is computed by first dividing each point’s weight by
the total weight of its point set, and then the EMD of resulting point sets is cal-
culated [30]. According to the EMD and PTD method, we present notation as
sets of weighted points. The weight represents note duration. Each note stands
for a point distributed in the x and y coordinates, representing the start time
and pitch, respectively. We use the Euclidean distance as the ground distance.
Thus, the distance between two notes with the coordinates (xi, yi) and (xj , yj) is

dij =
√

(xi − xj)
2 + (yi − yj)

2

Then it is used to calculate the EMD of the two audio matrices. At last, we
switch the EMD to PTD as the comparison of merged and unmerged data. The
result is shown in Fig. 5.

We selected three classical music pieces by Bach, Mozart and Beethoven
in four scenes by adding different noises including filter noise, distortion noise,
reverb noise and dynamic noise. We calculate the PTD between unmerged data
and ground truth (or raw data), and then between merged data and ground
truth. The PTD comparison of merged and unmerged data in four scenes are
shown in Tables 1, 2, 3 and 4.

From these tables we can see that the transcription has a more robust result
after merging. By comparing the PTD between merged and unmerged data, we
can find that the merged data are already very close to the ground truth, and
the PTD of merged data decreased more than 3 times compared with unmerged
data.
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Fig. 5. The PTD Comparison. (The middle blue dot represents the raw data, the black
dots represent the merged data, and other points represent the unmerged data.) (Color
figure online)

Table 1. The PTD comparison in scene1 with filter noises. (Filter 1–5 are unmerged
data, mix are merged data)

PTD Filter1 Filter2 Filter3 Filter4 Filter5 Mix

Bach 4.9777 4.1040 4.9818 4.7306 3.9892 0.3624

Beethoven 3.6474 3.4409 2.9725 2.9948 2.9216 0.7622

Mozart 1.8165 2.2874 1.8099 1.7664 1.7765 0.5321

Table 2. The PTD comparison in scene2 with reverb noises. (Reverb 1–5 are unmerged
data, mix are merged data)

PTD Reverb1 Reverb2 Reverb3 Reverb4 Reverb5 Mix

Bach 1.8228 1.9929 2.4563 2.4874 3.4708 0.4978

Beethoven 3.0975 3.2011 4.3783 3.1690 2.9124 0.4137

Mozart 2.4403 2.0241 1.8956 1.8765 1.8224 0.4167

Table 3. The PTD comparison in scene3 with dynamic noises. (Dynamic 1–5 are
unmerged data, mix are merged data)

PTD Dynamic1 Dynamic2 Dynamic3 Dynamic4 Dynamic5 Mix

Bach 2.3392 3.0378 2.8648 2.6319 2.4494 0.3909

Beethoven 2.4482 2.8423 2.4436 2.4857 2.9649 0.7432

Mozart 1.9077 1.9662 1.9327 1.8483 1.8813 0.6417

Table 4. The PTD comparison in scene4 with distortion noises. (Distortion 1–5 are
unmerged data, mix are merged data)

PTD Distortion1 Distortion2 Distortion3 Distortion4 Distortion5 Mix

Bach 3.2819 3.8431 3.1133 2.8937 2.2559 0.6667

Beethoven 4.2782 4.3418 3.5581 5.0861 2.7737 0.4621

Mozart 2.6864 2.6495 2.5223 2.1681 1.9183 0.8932
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3.5 Evaluation and Performance

We employed the evaluation by calculating precision (P = Ntp

Ntp+Nfp
), recall (R =

Ntp

Ntp+Nfn
), F-measure (F = 2PR

P+R ) and accuracy (A = Ntp

Ntp+Nfp+Nfn
), where Ntp,

Nfp and Nfn are the values of true positives, false positives and false negatives,
respectively. If the pitch is correct and its starting time is within 50ms of the
ground truth, we computed the notes as true positives [31].

The results are shown in Table 5. First of all, we averaged precision, recall,
F-measure and accuracy of unmerged data from three composers in four scenes.
Then, we compared the values of them in four scenes with those of merged data.
It can be seen that the ensemble method is better than single transcription
method in four scenes and the rates of precision, recall, F-measure and accuracy
are obviously higher than those of unmerged data. It has increased nearly 2 times
in F-measure and accuracy and 1.5 times in precision and recall.

Table 5. Performance comparison on the real date set

Precision Recall F-measure Accuracy

Filter 0.4321 0.6667 0.3766 0.3232

Reverb 0.4405 0.6829 0.3841 0.3927

Dynamic 0.4272 0.6977 0.3385 0.3431

Distortion 0.4137 0.6914 0.3278 0.3703

Mix 0.6421 0.9231 0.7371 0.6642

4 Conclusion

In this paper we showed that Wasserstein Barycenter is effective in multiple
scenes ensemble in machine learning. In different scenes and pieces of music,
we presented their effectiveness in ensemble results, as well as in improving the
robustness and accuracy of music transcriptions. We also proposed an objective
evaluation to measuring the differences between music notation transcriptions
in different scenes and the ground truth scores. Finally, we drew a conclusion
that our crowdsourcing method is very useful in improving the robustness and
accuracy of transcription results.
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