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ABSTRACT

This paper presents a novel piano tutoring system that en-
courages a user to practice playing a piano by simplifying
difficult parts of a musical score according to the playing
skill of the user. To identify the difficult parts to be simpli-
fied, the system is capable of accurately detecting mistakes
of a user’s performance by referring to the musical score.
More specifically, the audio recording of the user’s per-
formance is transcribed by using supervised non-negative
matrix factorization (NMF) whose basis spectra are trained
from isolated sounds of the same piano in advance. Then
the audio recording is synchronized with the musical score
using dynamic time warping (DTW). The user’s mistakes
are then detected by comparing those two kinds of data.
Finally, the detected parts are simplified according to three
kinds of rules: removing some musical notes from a com-
plicated chord, thinning out some notes from a fast pas-
sage, and removing octave jumps. The experimental re-
sults showed that the first rule can simplify musical scores
naturally. The second rule, however, often simplified the
scores awkwardly when the passage formed a melody line.

1. INTRODUCTION

Thanks to the recent development of audio signal analysis
technology, many applications have appeared that enable
users to practice playing musical instruments without the
guidance of a teacher. A system called SongPrompter [1],
for example, automatically displays the information (e.g.,
chord progression, tempo, lyrics) for assisting a user to
play a guitar and sing a song. An application [2] estimates
the chord progressions of user’s favorite songs taken from
an iPhone or iPod and creates chord scores for them.

In this paper we propose a novel piano tutoring system
that can detect mistakes of piano performances and sim-
plify the difficult parts of musical scores1 because the pi-
ano is one of the most popular musical instruments. Al-
though players at an intermediate level want to play their
favorite musical pieces, the scores of those pieces are of-
ten difficult for those players to play, causing them to lose
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1 A demo video is available on
http://winnie.kuis.kyoto-u.ac.jp/members/tfukuda/smc2015/

their motivations. One of the effective solutions for this
problem is to simplify the musical scores so that the diffi-
culty of those scores matches the user’s playing skills. To
effectively assist a user to improve his or her playing skill,
it is important to gradually increase the difficulty level of
a musical score to recover the original difficulty level by
changing the score simplification level. As the first step
toward this goal, in this paper we focus on how to simplify
mistakenly-played parts of musical scores.

The proposed system takes an audio signal of users’ ac-
tual performance and the original score as inputs, and out-
puts a piano roll that shows user’s mistakes and a simpli-
fied version of the original score. First, two piano rolls
are created from the input audio signal and musical score
respectively. More specifically, one is converted from the
audio signal by using a multipitch estimation method based
on nonnegative matrix factorization (NMF), and the other
is obtained by synchronizing the original score with the
users’ performance with dynamic time warping (DTW).
User’s mistakes are then detected by comparing these two
piano rolls, and the original score is simplified in accor-
dance with the parts in which the mistakes are detected. We
define three kinds of rules for simplifying musical scores
and how to apply those rules.

Two experiments using actual music performances were
conducted to evaluate the performance of the proposed sys-
tem. The first experiment focused on the accuracy of mis-
take detection. Although double or half octave errors are
the main cause of decreasing accuracy in multipitch esti-
mation, those errors can be ignored for the purpose of de-
tecting performance mistakes because it is rare for a user
to mistakenly play double- or half-pitch notes. The sec-
ond experiment focused on the effectiveness of score sim-
plification. The results showed that some musical notes
can be removed naturally from complicated chords and
that removing musical notes from fast passages should be
avoided when the passage constituted a melody line.

2. RELATED WORK

This section introduces related work on multipitch estima-
tion and score simplification.

2.1 Multipitch estimation and mistake detection

It is necessary for revealing a user’s weak points to detect
mistakes by comparing the result of multipitch estimation
and the original score.



Figure 1. An overview of the proposed system

Tsuchiya et al. [3] proposed a novel Bayesian model that
combines acoustic and language models for automatic mu-
sic transcription. They tested the model on the RWC music
database [4] and showed the result of transcription. They
categorized transcription errors into three types, that is,
deletion errors, pitch errors, and octave errors. As shown
in the result of an experiment, octave errors are the major-
ity of detected errors.

Azuma et al. [5] proposed a method of automatic tran-
scription for a piano performance with both hands by fo-
cusing on harmonic structures in the frequency domain.
This method automatically separates an obtained score into
melody and accompaniment parts by focusing on the prob-
ability of the pitch transition. This system takes only an
audio signal as an input, and many octave errors occur in
the result of transcription.

Emiya et al. [6] and Sakaue et al. [7] showed that mod-
eling the harmonic structures of musical instruments im-
proves the accuracy of multipitch estimation. Since piano
sounds also have the harmonic structures, the accuracy im-
provement is expected by integrating the prior information
of harmonic structures into our system.

Benetos et al. [8] proposed a score-informed transcrip-
tion method for automatic piano tutoring. Although the F-
measure of automatic transcription was about 95%, many
octave errors occurred. Our main contributions is to take
into account those errors for mistake detection and to com-
bine mistake detection [8] with score simplification for ef-
fectively assisting a user to practice playing the piano.

2.2 Score simplification

Simplifying a musical score according to the player’s skill
motivates him or her to practice the piano effectively. Just
removing the notes from the score is, however, insufficient,
for the score simplification. Since it is necessary to pre-
serve the characteristics of the original score, how to sim-
plify the score is a very important problem.

Yazawa et al. [9] proposed a method of guitar tablature
transcription from audio signals. In this method, playing
difficulty costs are given to several features such as posi-
tions of player’s hands, the number of fingers used, and the
migration length of the wrist. Then, it creates a tablature
matching player’s skills based on the cost.

Fujita et al. [10] proposed a method that modifies a mu-
sical score consisting of several instrument parts according
to the player’s skill. Player’s skills are categorized into
three types, and simplification is done based on four fac-
tors i.e., the number of simultaneous notes, the width of a
chord, the width of a passage, and the tempo of a passage.

Figure 2. Multipitch estimation using NMF. An activation
matrix H is calculated from an input spectrogram V by
using a pretrained basis matrix W .

3. PROPOSED SYSTEM

This section describes a proposed system that can simplify
difficult parts of a musical score according to the playing
skill of the user. An overview of the proposed system is
shown in Figure 1. The inputs are 1) an audio recording
of a user’s piano performance and 2) the original musical
score. The outputs are 1) a piano roll indicating mistakes
and 2) a simplified score.

The score is simplified by first calculating an activation
matrix from the input recording using non-negative ma-
trix factorization (NMF). The activation matrix is then con-
verted into a piano roll by thresholding. The musical score
is next synchronized with the audio recording by stretch-
ing the onset times and duration of the musical notes using
dynamic time warping (DTW). The synchronized score is
then converted into a piano roll.

Mistakes are detected by comparing the two synchronized
piano rolls. Detection accuracy is improved by ignoring
the octave errors that rarely occur during actual playing.
The parts where mistakes were detected are classified into
three patterns and simplified in accordance with predefined
simplification rules.

3.1 Multipitch estimation

The user’s playing performance is evaluated using the re-
sult of multipitch estimation. The input is the recording,
and the output is a piano roll of the recording.

The estimation is done using the NMF algorithm with β-
divergence [11]. This algorithm factorize a matrix V is
factorized into two matrices W and H (V = WH) that
have no negative elements.

First, the recording is converted into a spectrogram as a
matrix V ∈ Rf×n using constant-Q transform (CQT) [12],
which has 24 frequency bins per octave and can handle fre-
quencies as low as 60 Hz. The NMF algorithm takes ma-
trix V as input and factorizes it into W and H . Here,
W ∈ Rf×88 is the base spectrum matrix. It consists of
88 base spectra from A0 to C8. The activation matrix is
H ∈ R88×n. It contains the amplitudes of the base spec-
tra. NMF typically factorizes V by iteratively updating
W and H . Since W is fixed here, only H is updated in



accordance with the following rule:

H ←H ⊗ W T ((V ⊗WH)β−2)

W T (WH)β−1)
, (1)

where ⊗ is the element-wise product, the exponentiation is
element-wise exponential and the fraction means element-
wise division. We used β = 0.6, which has been shown to
produce the best multipitch estimation of piano sounds in
previous studies [8, 11, 13].

Base spectrum matrix W is estimated in advance from
the sound of each pitch using an electronic piano. Applica-
tion of CQT to each recording produces 88 spectrograms
X1,X2, . . . ,X88. NMF with a single basis spectrum is
applied to each Xi, i.e., Xi ∈ Rf×n is factorized into vec-
tors wi ∈ Rf×1 and hi ∈ R1×n as follows:

Xi = wihi. (2)

Base spectrum matrix W is finally obtained by concate-
nating these vectors horizontally as follows:

W = [w1w2 · · ·w88]. (3)

After update rule (1) converges, a piano roll of the record-
ing is obtained by thresholding activation matrix H appro-
priately. An example of the NMF results is shown in Fig-
ure 2. The sample musical piece is from the RWC music
database.

3.2 Score-to-audio synchronization

We obtained the audio recording using a YAMAHA P-255
electronic piano which can record an actual performance as
an audio signal. There were several temporal gaps between
the musical score and the actual performance no matter
how exactly it was played. If such gaps are counted as
mistakes, true mistakes cannot be detected appropriately.
We avoid this problem by synchronizing the musical score
with the recording in advance. The inputs are 1) the record-
ing and 2) the musical score, and the outputs are the corre-
sponding synchronized piano rolls.

For synchronization, we use the dynamic time warping
(DTW) algorithm of Muller [14] to measure the similar-
ity between two temporal sequences. Since this algorithm
is a kind of dynamic programming, it can obtain the opti-
mum solution, which means that the temporal correspon-
dence between these sequences can be obtained by using it.
Specifically, inputs are converted into spectrograms in ad-
vance. These spectrograms are next converted into chroma
vectors, which are the 12-dimensional vectors. A chroma
vector has the amplitude of each pitch name (C, C#,. . .,B),
and the cosine distance of two chroma vectors are used as
the distance in DTW.

3.3 Mistake detection

Comparing the piano roll created from the recording with
the synchronized piano roll reveals where the user played
the song incorrectly. The inputs are 1) the piano roll from
the recording and 2) the synchronized piano roll, and the
output is a piano roll comparing the inputs. The system

Figure 3. Example of mistake detection. Red marks cor-
respond to the notes in an original score and black marks
correspond to the notes estimated by NMF.

compares the two input scores and indicates where the user
made mistakes in his or her performance. An example out-
put piano roll is shown in Figure 3. The black marks cor-
respond to the notes the user played, and red marks corre-
spond to notes in the original score. There were two mis-
takes in this example, as shown by the two blue marks.

The system judges the weak points in the user’s perfor-
mance on the basis of where the mistakes are in the record-
ing. Since octave errors often occur in multipitch estima-
tion using NMF, the system sometimes misjudges the loca-
tion of the mistakes. In fact, many short notes (around C7
and C8) that were not actually played by the user are de-
tected in Figure 3. Since playing these notes rarely occur
in the actual performance of a piano solo, we ignore oc-
tave errors to improve the accuracy of the multipitch esti-
mation. Specifically, a detected mistake is ignored if there
is another note whose pitch differs from the pitch of the
detected mistake by octaves.

3.4 Score simplification

Simplifying the difficult scores to match the user’s playing
skills helps motivate the user to practice the piano. The
inputs are 1) the original score and 2) the parts to be sim-
plified, and the output is the simplified score.

In this part, scores are classified under three patterns, and
are simplified according to simplification rules given in ad-
vance for each pattern.

Pattern 1. Parts with many notes to be played at the same
time

Pattern 2. Parts that require fast fingering

Pattern 3. Parts that have adjacent notes, one is over an
octave distant from the other.

Here we describe simplification process by using exam-
ples.



Figure 4. Example of pattern 1. Removing some notes
from chords.

Figure 5. Example of pattern 2. Removing some notes
from a part that requires fast fingering.

3.4.1 Pattern 1: Simplifying chords

When there are many notes to be played at the same time,
that part is simplified removing some notes from the chords,
as shown in Figure 4. Priority is given to each pitch of the
chord, and the notes with lower priority are removed.

More specifically, the melody line often consists of a note
with the highest pitch of the chord and is one of the most
important notes. A note with the lowest pitch of the chord,
called the root of the chord, is also important. These two
notes are especially important and thus should not be re-
moved, as shown in previous study [15]. The other notes
are less important and can be removed if necessary. As a
result, chords that are difficult to play are simplified.

3.4.2 Pattern 2: Simplifying fast passages

A part that requires fast fingering is simplified by remov-
ing the sequential notes that are to be played faster than a
threshold, as shown in Figure 5.

3.4.3 Pattern 3: Removing octave jumps

Parts that have adjacent notes, one is over an octave distant
from the other are called “leaps” and are further classified
into two patterns.

3-A There is another leap after the leap.

3-B There is no leap after the leap.

In pattern 3-A, a note that generates the leap is difficult to
play, so it would be removed as shown in Figure 6 (a).

In pattern 3-B, notes around the leap are removed in ac-
cordance with the rule for pattern 1 or 2. That is, if there
is a chord around the leap, it is simplified, and if there is
a fast passage around the leap, it is simplified as shown in
Figure 6 (b).

4. EVALUATION

This section reports two experiments that were conducted
for evaluating the performance of score-informed multip-
itch estimation and score simplification.

Figure 6. Examples of pattern 3. Removing some notes
around a leaping.

Octave errors Precision Recall F-measure
NOT ignore 0.943 0.988 0.965

ignore 0.995 0.988 0.991

Table 1. Accuracy of multipitch estimation

4.1 Multipitch estimation

We calculated the accuracy of multipitch estimation by com-
paring two piano rolls. One was obtained by analyzing
the recording of an actual performance, and the other was
created from an original musical score. The audio signals
were recorded using a YAMAHA P-255 electronic piano
played by a intermediate player, and were converted into a
spectrogram using CQT which had 24 frequency bins per
octave. This spectrogram was then factorized into a basis
spectrum matrix and an activation matrix by using NMF.
The activation matrix was finally converted into a piano
roll by thresholding. On the other hand, pitch, onset time,
and duration of each note were obtained by the original
score, and the correct piano roll was created by synchro-
nizing with the actual performance using DTW.

As shown in Table 1, the F-measure was calculated by
comparing those piano rolls while ignoring octave errors
and in the not case by way of comparison. About first ten
seconds of The Flea Waltz was used as test data. According
to the result, the F-measure was improved by ignoring oc-
tave errors. Using an appropriate value in thresholding
helps to obtain the high accuracy.

We plan to employ a more reliable method for binariza-
tion of an activation matrix that is obtained by NMF. More
specifically, a hidden Markov model (HMM) can be em-
ployed instead of thresholding. This model helps to reduce
very short notes that are often occurred as octave errors in
the result of NMF algorithm.

4.2 Score simplification

We evaluated the effectiveness of score simplification. The
Grande valse brillante in E-flat major, Op. 18 and Étude
Op. 10, No. 12 were used for this evaluation. Here, we
tried simplifying parts that were selected at random on the
assumption that the parts were played incorrectly by a user.

As simplifying a score, we prepared the score data that
has pitch, onset time, and duration of each note. This time
we chose the last twenty seconds of the sample music and
simplified them. Simplified scores are shown in Figure 7



Figure 7. Simplified score of The Grande valse brillante in
E-flat major, Op. 18. Blue marks correspond to the notes
simplified in pattern 1, green ones correspond to pattern 2,
and orange ones correspond to pattern 3.

Figure 8. Simplified score of Étude Op. 10, No. 12

and Figure 8. In these figures, blue marks correspond to
the notes simplified in pattern 1, green ones correspond to
pattern 2, and orange ones correspond to pattern 3.

According to the result, we found that the simplification
was correctly done. It was felt that something was a little
off about simplification in pattern 2 and there was room for
improvement. In patterns 1 and 3, it was felt that the result
of simplification was naturally done. We will focus on ap-
propriateness for the rules of simplification and automation
of them in future work.

5. CONCLUSION

Our score-informed piano tutoring system with mistake de-
tection and score synchronization works well by analyzing
a recording of an actual performance. Intermediate players
are often faced by a problem that the scores of their favorite
pieces are often difficult to play and this makes them lose
their motivations. The proposed system helps those play-
ers effectively continue to practice playing the piano. It
detects the parts of the score that should be simplified so
that the user can easily play those parts. Since the system
can use the audio recording of a user’s performance, it is
unnecessary to set detailed parameters. Since the kinds of
scores in which playing errors are likely to be occurred are
identified to a certain level, the proposed system catego-
rizes those errors into three types and simplifies the score
according to predefined rules for each type.

Possible future works on the proposed system are as fol-
lows:

• Carry on additional experiments

• Improve each algorithm

• Improve score simplification

First, the amount of experiments is insufficient and there
is a possibility that the evaluation is incorrect. We have to
carry on additional experiments for various conditions to
confirm that the evaluation is appropriate. It is also neces-
sary to carry on an experiment through the whole system.

Second, improving each algorithm is necessary. DTW,
employed in the synchronization, obtains optimal solution,
but is a bit computationally expensive. An alternative so-
lution is to use windowed time warping (WTW) [16]. Al-
though this algorithm requires the distant paths to be con-
tained in the correct paths, this requirement is met between
an actual performance and the original score.

Finally, score simplification could be improved by using
a wide variety of criteria. Future work will focus on the
fingering to detect the notes that are difficult to play.
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