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Figure 1: Overview of the process described in the paper: From a set of MIDI recordings, features are extracted based on
comparisons to the target notes (musical score). From these features, the most informative are selected, and used to predict
ratings of evaluation of different aspects of performance given by experts in the field.
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ABSTRACT
There is a growing trend to teach playing an instrument such as
a piano at home using an automated system. A key component of
such systems is the ability to rate performance of the learner in
order to provide feedback and select appropriate exercises. In this
study, we expand on previous works that have developed automatic
evaluation systems for an overall grade by also providing predic-
tions for specific aspects of performance: pitch, rhythm, tempo, and
articulation & dynamics, as well as scheduling what is an appropri-
ate next task. We describe how a set of salient features is extracted
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by comparing MIDI performance data of three piano players to
an ideal performance, how the features used for evaluation are
selected, and evaluate using linear regression how well the selected
features are able to predict the mean scores given by a group of
domain experts (piano teachers). Relatively good 𝑅2 scores (0.54 to
0.68) are achieved using a small number of features (2 - 4). Such
automatic evaluation of different aspects of performance can be
used as a part of an automatic learning system, and to help provide
learners with detailed feedback on their performance.

CCS CONCEPTS
•Human-centered computing→ Sound-based input / output;
User models.
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1 INTRODUCTION
Computer-aided learning of the piano is becoming more and more
popular, largely due to an increasing use of smartphone applica-
tions. A necessary feature of such systems is the ability to evaluate
performance to provide the learner with appropriate exercises at
an appropriate pace. However, it is not obvious how the errors
should be computed, or which features of performance should be
considered. Rather than devising ad-hoc methods for calculating
errors, in this study, we learn how to grade performance based on
learning how piano teachers grade performances. Specifically, we
examine different aspects of performance, and determine which
parameters extracted from performance data are best able to predict
the teachers’ ratings.

There have been previous efforts to build automatic classifiers
of piano and other music performances. In all these studies, expert
raters are used to provide ratings for the works - these ratings
serve as a test for how well the models perform. A number of
studies have used audio data. In a series of studies [19, 27, 30]
looking at performances of bands, spectral and rhythmic features
were extracted from the audio and support vector regression and
deep neural networks were used to predict the grades, with 𝑅2

values compared to experts raters around 0.3-0.5. Other studies
using databases of piano recordings from competitions [17, 28],
used linear regressions on a number of features extracted from the
audio using a convolutional neural network (CNN) to predict the
score given by expert raters.

In [20], performances were manually classified into “good”, “nor-
mal” or “bad” levels, and using a convolutional neural network on
microphone recordings of performance, classification accuracy of
approximately 90% was achieved. In another study, the skill level
of piano players was estimated from YouTube videos of playing the

piano which were manually graded by an expert, giving a score of
1 to 10 [18].

Other studies used MIDI recordings (i.e., including key press
times, notes played, duration, and key press velocity) thus avoiding
the need to extract the performance from noisy audio recordings,
and compared theMIDI recordings to the piece they were instructed
to play. For example, these techniques have been used to evaluate
scales [2, 11] or a particular piece [14], by defining a set of features
comparing ideal performance to the played piece, and then using
k-nearest neighbors (k-NN) to classify the performance (based on
training from expert pianists).

This study is most similar to this last set of studies, but rather
than focusing on an overall score, we are interested in evaluating
different aspects of performance, including tempo, rhythm, pitch
and articulation & dynamics. This is based on rating rubrics used
by schools of music [15]. As well as being in accordance with com-
mon rating practice at music schools, rating individual aspects of
performance will allow us to personalize training for the aspects
which require more work, as it is likely that improvement in differ-
ent facets of performance occurs at different timescales and may
vary between people depending on their individual talents and
experience. Furthermore, teachers often use teaching and training
methods that concentrate on a particular aspect / difficulty of the
piece. This holds true not only for beginners (e.g., [25]) but also
for advanced students, an early example of which can be found in
Cortot’s recommended piano exercises for learning to play Chopin
[4]. A focus on one of more aspects of the piece to target a par-
ticular difficulty has been termed practice modes in [10]. Simple
online adaptation of the learning content to the specific problems
of the learner is becoming common in most learning apps, such as
duolingo [5], yousician [31], or piano academy [1]. For example, in
duolingo, a task performed with mistakes is given again at the end
of the practice episode. In music learning apps such as yousician,
the tune is paused until the correct key is hit. In other apps such as
lumi [22], a small set of practice modes, such as "slower", or "pitch
practice only" exists, but they are selected by the learners them-
selves, and not based on the performance evaluation with a goal
to target a particular type of mistake. Other types of simplification
include choosing only specific notes that the learner needs to play,
where the rest of the audio content/accompaniment is added by the
app. However, this is prescribed for each level, and not calculated
depending on the performance/ learning rate of the learner.

In this study, we present a number of features that can be ex-
tracted from the MIDI data, and test how well they can predict the
scores given by the teachers. These expert ratings are treated as the
gold standard because no other assessment is available. Such scores
may potentially enable us to schedule different types of practice
modes, e.g. focusing on rhythm, tempo or pitch practice, depend-
ing on the learner performance evaluation. When presented to the
learner, detailed expert-like performance feedback may promote
the development of self-assessment skills. Self-assessment of per-
formance is an important metacognitive ability for better practice
efficacy. Research suggests that while this ability is more developed
for skilled performers [8], it also has a significant impact on novices’
practice efficacy and performance [3]. Detailed performance feed-
back thus has the potential to substantially expedite the student’s
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skill acquisition in automated learning environments, especially
for beginner learners.

2 METHODS
2.1 Participants
Three players (2 beginners, with one year of keyboard experience
aged 9 and 14, one adult with 6 years of keyboard experience) played
the pieces used in the experiment. The study was approved by the
Tel Aviv University Institutional Review Board and the participants
(or their parents) signed an informed consent form.

The expert raters consisted of 8 piano teachers. Teachers had a
minimum of 10 years of teaching experience.

2.2 Experimental procedure
The participants played the songs on a Yamaha PSR-E363 keyboard,
with the scores shown and the MIDI recorded using custom soft-
ware. The pieces were selected from a beginner’s book [24]. The
participants (players) played a total of 25 performances of 10 dif-
ferent songs (not all participants played all songs). The order of
the songs was the same for all players (following their order in the
book).

2.3 Expert ratings
The expert panel graded the anonymized performances in three
sections:

• a score from 0 to 4 for the categories of pitch, tempo,
rhythm, and articulation and dynamics (see Appendix
1),

• an overall evaluation of performance - from 1 (lowest) to
10 (highest),

• what should be the next task for the learner - either play
the same piece (at the same pace, slower, or faster) or play a
different piece (easier, same level, or harder).

The scale of 0 to 4 was selected to match the five textual cat-
egories in the rubric described in Appendix 1. The overall scale
was selected from 1 to 10 to allow the raters more nuance in their
grading.

The raters performed the ratings online using the Qualtrics plat-
form [21], where they were shown the sheet music, could play the
midi recordings, and mark their ratings. The raters received the
pieces in a random order such that subsequent performances were
from different players, although the same order was used for all
raters. They were able to listen to the piece as many times as they
wanted before providing the scores. The duration of each recording
was less than one minute, and a single grade (in each category) was
given for each recording.

2.4 Performer features
Six types of features (14 in total) were extracted from the recorded
MIDI data to test how well they predict the grades given by the
teachers. The best mapping between the notes played in the ideal
performance and the actual performance was performed using
dynamic time warping [13]. This allowed us to know which notes
in the ideal performance correspond to which notes from the actual
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Figure 2: An example of the mean, slope and standard de-
viation measures extracted from note duration. The graph
shows the note duration (normalized to the total time of the
piece), such that 1 would indicate the duration was the same
as the ideal performance. The dashed line is the regression
line. In this example, the mean is 0.749, indicating that on
average the duration of the notes was approximately 75% of
that of the ideal performance, the slope is 0.0071, indicating
that the relative note duration increased over the perfor-
mance, and the standard deviation (between the regression
line and the values) is 0.2880, quantifying the variability in
duration produced by the participant (in a perfect perfor-
mance according to this rating system this value would be
zero).

performance. The features were then calculated based on note-wise
comparisons.

For two of the features (correct pitch and duration), we calculated
for each a single value representing the whole performed piece (e.g.
proportion of notes played correctly). For the other features (note
duration, inter-note intervals, relative press time and loudness), in-
spired by previous studies [14], we compared the played piece and
the ideal piece and calculated three measures - mean, slope and stan-
dard deviation to capture how the performance changed throughout
the piece, see Figure 2 for an example. The mean measures the mean
difference in the quantity over the whole performance, the slope
measures how it changes throughout the piece (i.e. it would be zero
if it does not change within the song), and the standard deviation
measures how performance varies within the song.

2.4.1 Correct pitch. The correct pitch feature was defined as the
proportion of notes in the ideal score that were played correctly
(considering only the key pressed, and not any other details). This
measure may be intuitively understood as an estimate of the ac-
curacy of the performed melodic contour, and could also be un-
derstood as the accuracy of the spatial finger location, from a
movement-related perspective.

2.4.2 Duration. The duration feature was defined as the relative
difference in duration between the played piece and the duration
based on the tempo suggested in the songbook, normalized by the
ideal duration.

Featureduration = (Durationactual − Durationideal)/Durationideal
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As overall duration is closely related to tempo, this feature may be
understood as a rough estimate for performance tempo, relative to
the tempo of the ideal performance.

2.4.3 Note duration. The note duration feature was defined as the
relative difference in duration between the played notes and ideal
notes, normalized to the overall duration This measure roughly
reflects how precise the duration of a given note is within the
context of the performed tempo. Across a piece, it is capable of
giving a note-sensitive estimate of how well a beat was kept (Slope),
how appropriate the performance tempo was (Mean), as well as
how consistent the rhythms were (SD).

2.4.4 Inter-note intervals. The inter-note interval was defined as
the relative difference in onset time between correct consecutive
notes played between the played and ideal pieces, both normal-
ized to the appropriate overall notes. Similar to note duration, this
feature also measures a given note’s timing, only it disregards the
note’s articulation. Articulation (e.g., staccato, legato, tenuto) is the
musical parameter that describes the duration of a depressed note
with regard to the duration of the inter-onset interval between that
note and the following one.

2.4.5 Relative press time. The relative press time measure was
defined as the note duration divided by the inter-note interval
(from that note to the next). The measure was not calculated for
the last note as there is no next note. This feature corresponds with
the articulation of the performed notes. A small relative press time
reflects shorter articulation, such as staccato. A high relative press
time will correspond with longer articulations, such as legato. It
may also highlight "lingering" notes, that are not released on time
(in which case the relative press time would be substantially larger
than 1).

2.4.6 Velocity (loudness). MIDI keyboards typically record “veloc-
ity” - how fast the key is pressed, and this is used to control the
loudness of the particular note. This measure is based on the relative
difference in velocity between the played and ideal pieces

Note that this study’s notated exercises - like many beginner
level exercises - did not contain any instructions for dynamics
or articulation. Therefore, their associated features’ mean or any
other comparison to the "ideal performance" is of no relevance in
our case. Nevertheless, it may prove relevant to the analysis of
more advanced levels of performance. The stability and variation
of velocity and articulation, estimated by the standard deviation
and slope of their related features, would still be of interest even in
the absence of anchoring instructions in the notated exercises.

2.5 Statistical comparisons
We tested the between-rater consistency of the eight raters using
Krippendorff’s Alpha [9]. To determine which of the proposed fea-
tures should be used for predicting the ratings (i.e., non-redundant
predictors), we constructed the lasso fit [7] using 4-fold cross-
validation, and selected those which correspond to the minimum
cross-validated mean squared error. Using these selected features,
we performed linear regression to find the relevant weights, then
looked at the 𝑅2 measure to determine the goodness of fit. We
tested for the normality of the residuals using Q-Q plots, and for

the absence of multicollinearity using the Variance Inflation Factor
(VIF) [6].

The software was implemented using Matlab (Mathworks, ver-
sion 2021b) and is available online 1

3 RESULTS
The main goal of the experimental evaluation is to explore which
features extracted from the learner performance, such as correct
pitch, or inter-note intervals, predict the expert rating the best.
However, we first briefly present the characteristics of the raters
and the rating categories.

3.1 Between-rater consistency
The between-rater consistency, as quantified using Krippendorff’s
alpha coefficient, varied between the different features that were
graded, see Table 1. While there was relatively good agreement for
pitch and overall (0.85 and 0.73), articulation & dynamics showed a
relatively low agreement (0.20) between raters.

Pitch Tempo Rhythm Articulation & Dynamics Overall
0.85 0.62 0.45 0.20 0.73

Table 1: Krippendorff’s alpha coefficient for assessing inter-
rater agreement, 1 indicates perfect agreement, 0 is chance
agreement between raters.

3.2 Correlation between rating categories
There was a high degree of correlation between the ratings for the
different categories, see Figure 3. The least amount of correlation
(0.77) was found between rhythm and pitch.

3.3 Feature distribution
Histograms of the 14 features calculated are shown in Figure 4.

3.4 Selected features
Table 2 presents the results from the lasso process to identify non-
redundant predictors. The process found that Correct pitch was
predictive for all ratings. Duration was predictive for all ratings
apart from pitch. The standard deviation of inter-note interval was
predictive for all ratings apart from rhythm. The mean of relative
note timewas predictive for tempo, rhythm and overall. Many of the
features were not predictive for any of the ratings, in particular, no
velocity-related features were predictive (including for predicting
articulation and dynamics).

3.5 Prediction results
The residuals from the linear regression were found to be close
to normally distributed using Q-Q plots, and the values for the
Variance inflation factor (VIF) were all less than 2.2, suggesting that
multicollinearity does not pose a serious problem for the models
used here [12].

The predictions for the five ratings are shown in Figure 5, with
𝑅2 values ranging from 0.54 (rhythm) up to 0.68 (pitch), with all 𝑝
1https://github.com/JasonFriedman/AutomaticPianoEvaluation/
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Figure 3: Correlations between the mean ratings for the different categories. The values on the diagonal show the histogram of
the relevant quantity (i.e., the relative frequencies, note that the scale of the histograms are normalized). The numbers in each
box indicate the Pearson correlation coefficient.

values ≤ 0.01. In addition, the probability of selection of the same or
different next piece is shown, as well as the predictions for what to
do in the next piece. The regression equations are given in Table 3.

4 DISCUSSION
In this study, we described a set of features that can be extracted
from piano MIDI data in order to predict the ratings provided by
experts in the field (piano teachers). We found that a relatively small
number of features (2 to 4) are sufficient to achieve goodness of fit
(𝑅2) values in the range of 0.54 to 0.68.

The consistency between raters varied among the different cate-
gories used. While the ratings were relatively consistent for pitch
(Krippendorff’s alpha of 0.85) and overall (0.73), the agreement was
much lower for articulation and dynamics (0.20). This suggests that
this measure may not have been well defined in the rubric, or is
difficult to judge based on a MIDI recording - a video recording, for
example, might give more information about articulation. Another

possibility is that this measure is less relevant for beginner play-
ers, and becomes relevant only at a later stage, an idea supported
also by the scarcity of articulation and dynamic signs in beginner
repertory, which are at times completely omitted ([25] - we discuss
this in more detail at the conclusions section). We note that none
of the velocity-related features were selected for articulation and
dynamics, despite the fact that dynamics (including control of the
volume) was part of the description.

The goodness of fit (𝑅2) values achieved here were similar to
those found in previous studies [14, 19], ranging from 0.54 to 0.68.
Given the significant amount of variation in the ratings given (cover-
ing nearly the whole range for most of the categories), this suggests
that linear regression is able to provide a reasonable estimation of
performance in the different categories. It is likely that the good-
ness of fit could be improved by the use of more advanced machine
learning regression techniques [23] if more training data was avail-
able.
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Figure 4: Histograms of the 14 features calculated from the data. Each histogram shows the counts (from a total of 25 perfor-
mances).

Feature name Pitch Tempo Rhythm Articulation
& Dynamics

Overall Recomm-
endation

Same
choice

Different
choice

Correct pitch X X X X X X X X
Duration X X X X
Note duration (slope)
Note duration (mean) X
Note duration (std)
Inter-note interval (slope) X
Inter-note interval (mean)
Inter-note interval (std) X X X X X X
Relative press time (slope)
Relative press time (mean) X X X
Relative press time (std)
Velocity (slope)
Velocity (mean)
Velocity (std)

Table 2: X indicates that a particular features will be used in the linear regression, based on the outcome of the lasso fit, except
for recommendation, which was based on chi squared tests

There was a relatively high correlation between the different
rating categories, see Figure 3. There are several potential reasons
for this. First, a learner that is good (or bad) in general will likely be
good (or bad) both overall and in many of the components. Second,
it may have been difficult for the raters not to be influenced by the

overall performance when giving grades on individual components.
This may explain why the proportion of correct pitch played was a
positive predictor for all ratings. This is true even for ratings which
should not be affected by this, e.g. rhythm or tempo. Yet another
explanation that may account for the correlation is that especially
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Figure 5: The mean scores of the raters (x-axis) and predicted scores from the linear regression (y-axis)

with beginners, an error in one parameter may cause a cascade of
errors in others. Thus for example, playing the wrong pitch may
cause a student to pause rhythmically.

This study had a number of limitations. A larger sample size
(both in terms of participants and number of pieces played) would
be helpful for better determining appropriate predictors, and ideally
all performers should play all pieces. The study aimed at checking
performance evaluation at a beginner level. Thus, the repertory
used and the evaluated MIDI performances were designed as such.
Future work should develop and test measures that are appropriate
for a more advanced level. One challenge that may require a solu-
tion is the adjustment of the measures to multiple simultaneous
notes, which is the normal case rather than the exception once a
skill level that enables bimanual piano playing is reached. Further-
more, it is possible that performance predictors vary substantially
between different skill levels. In particular, expressivity (associ-
ated with dynamics and articulation) may play a larger role in the
judgment of advanced students’ performance. Another implication
of this study’s focus on beginner repertory is the lack of specific

instructions for dynamics, articulations, and tempo. As mentioned
above, dynamic and articulations, as well as tempo instructions, are
often entirely omitted in beginner repertory (e.g., [25]) or kept con-
stant (e.g., [16, 26]). Yet, no note can be played without a particular
dynamic (defined as the velocity or loudness of the pressed note), ar-
ticulation (defined as the ratio between the duration of the pressed
note and the inter-onset interval between a note and its successor),
and tempo (beats per minute - BPM). Furthermore, especially for
tempo, “proper” values are often implied even in the absence of
explicit instructions, based on familiarity with the melodies (which
are often well-known nursery or folk songs), or - in the case of
unfamiliar melodies - based on their rhythmic profile, meter, and
other musical heuristics. Thus, while judging these parameters in
beginner level performance is still relevant (as is reflected by the
high correlation of tempo rating between experts, for example, in
our experiment), it may well be more challenging than in advanced
levels, where these instructions are made explicit. Relatedly, in this
study, “dynamics and articulation” were presented to teachers and
rated as a single category. This is not uncommon in the context of
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Pitch = +14.55 × Correct pitch − 0.70 × Inter-note interval (std) − 10.81
Tempo = +7.62 × Correct pitch − 0.68 × Duration

− 0.14 × Inter-note interval (std) − 1.96 × Relative press time (mean) − 5.54
Rhythm = +6.75 × Correct pitch − 0.74 × Duration

− 1.62 × Relative press time (mean) − 4.47
Articulation & Dynamics = +5.43 × Correct pitch − 0.37 × Duration

− 0.16 × Inter-note interval (std) − 2.67
Overall = +21.71 × Correct pitch − 1.11 × Duration

− 0.47 × Inter-note interval (std) − 3.19 × Relative press time (mean) − 15.70

𝑃 (𝑠𝑎𝑚𝑒) = 1/
(
1 + 𝑒−(8.81+−13.11Correct pitch+7.33Note duration (mean)+1.06Inter-note interval (std))

)
Same choice = +2.41 × Correct pitch − 0.18 × Inter-note interval (std) − 0.84

Different choice = +10.04 × Correct pitch + 25.69 × Inter-note interval (slope) − 7.19

Table 3: The regression equations calculated from the data

beginner ratings, due to the assumed secondary importance of these
parameters compared to pitch and rhythmic accuracy. Followup
studies may consider splitting this rating into two independent
ratings, which may provide a more detailed picture of their inde-
pendent weight in overall performance assessment, and may be
more relevant for the evaluation of advanced-level performances.

In addition, the scores were calculated for the piece as a whole,
whereas performance may vary across sections of the piece. While
in this case, the performances were short (less than 1 minute), for
longer performances it would make sense to evaluate the perfor-
mance of different parts of the performance independently.

4.1 Conclusions
This study demonstrated the feasibility of building an automated
rating system for piano learners, whose rating is predictive of ex-
perts’ evaluations of learners’ performances. The system breaks
down the performance assessment into several musical subcate-
gories, including pitch, rhythm, tempo, and dynamics and articu-
lation. The reliance on a rubric of parameters detailing different
aspects of the overall performance is in accordance with common
approaches to music performance evaluation (e.g., [29]). The cate-
gories included in our rating represent basic musical dimensions
that are both quantitatively measurable and musically relevant for
a wide range of proficiency levels. The ability of providing detailed
category-based feedback may allow a more efficient design of au-
tomated learning curriculum and faster advancement toward skill
mastery. Furthermore, when given as feedback to the learner, de-
tailed category-based assessment may facilitate the development of
the learner’s self-assessment ability - a metacognitive skill enabling
efficient practice and improved performance.
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A QUESTIONNAIRE GIVEN TO THE TEACHERS

4 3 2 1 0
Pitch Student had no

pitch mistakes
Student had a cou-
ple of minor (sin-
gle note) pitch mis-
takes

Student had more
than two small pitch
mistakes, or at least one
substantial (multiple-
note) mistake

Student had many
pitch mistakes, but
some sequences
were still correct

Melody was almost
unrecognizable

Tempo Student performed
at or near an appro-
priate tempo and
maintained a steady
tempo throughout

Student performed
at or near an appro-
priate tempo and
mostly maintained
a steady tempo,
with one or two
fluctuations or a
minor drift

Student either per-
formed at a consider-
ably different tempo
than appropriate for
the piece, stopped
playing at one point,
or had multiple fluc-
tuations, but was able
to maintain tempo
between these events

Student did not
maintain a consis-
tent tempo most of
the time, stopped
multiple times, or
had many fluctua-
tions

Student could not
maintain a steady
beat at all, or could
not complete the
performance of the
piece

Rhythm Student had no
rhythmic mistakes

Student had a cou-
ple of minor rhyth-
mic inaccuracies or
mistakes

Student had more than
two minor rhythmic
mistakes, or one major
rhythmic mistake

Student had many
minor rhythmic
mistakes or several
major rhythmic
mistakes

Rhythm was almost
unrecognizable

Articulation
& Dynam-
ics

Accurately follows
Articulation & Dy-
namics in the score
when they are in-
dicated, and shows
control of Articu-
lation & Dynamics
overall

Mostly controlled
use of articulation
and dynamics.
Close to the score
when they are
indicated, with
some deviations

Partly controlled use of
articulation and dynam-
ics: Partly following the
score, or showing occa-
sional sensitive manipu-
lation of Articulation &
Dynamics but not con-
sistently

Very little use of
Articulation &
Dynamics. Almost
doesn’t follow
the score, or flat
articulation and
dynamics

No Control

Table 4: Rating scales used by the expert raters
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