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ABSTRACT

We present a machine learning approach to model vibrato
in classical music violin audio performances. A set of de-
scriptors have been extracted from the music scores of the
performed pieces and used to train a model for classifying
notes into vibrato or non-vibrato, as well as for predicting
the performed vibrato amplitude and frequency. In addi-
tion to score features we have included a feature regarding
the fingering used in the performance. The results show
that the fingering feature affects consistently the prediction
of the vibrato amplitude. Finally, an implementation of the
resulting models is proposed as a didactic real-time feed-
back system to assist violin students in performing pieces
using vibrato as an expressive resource.

1. INTRODUCTION

Vibrato is one of the most important expressive resources
in string instruments. It consists of a modulation of the
fundamental frequency and can be characterised by two
components which are the frequency (or rate), and the am-
plitude (or extent). In the violin it is performed through
a rhythmical motion of the left arm and twist while press-
ing with the fingers one string along the instruments neck,

changing the tension on the string an so, changing its length.

There are different ways to play vibrato, performing it with
different rates and extents and even controlling them dy-
namically during one single note. The lack of information
in the traditional scores regarding how vibrato has to be
played, provides the performer with a large degree of deci-
sion and control over expressive parameters which dictate
the nature of her/his music interpretation. The implicit in-
formation missing is generally provided by the performer
with deviations from what is reported in the scores [1].

The aim of expressive performance modelling research is
to investigate the criteria by which the musicians decide
which kind of expressive deviations to perform. The un-
derlying idea is that, to some extent, there are some canons
or unspoken rules which lead the expressive deviations per-
formed by musicians.

Our study takes the perspective of music education. While
music expression is mostly introduced at advanced levels
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of musicianship, vibrato can be considered an exception.
Vibrato is not explicitly specified in a score, but it is an
important expressive resource for even beginner students.

The current work aims at decoding the underlying deci-
sions that a professional musician takes in performing vi-
brato from score information. By modelling the profes-
sional musician decisions regarding how to distribute vi-
brato over a music piece, a vibrato model can be used by
beginner violin students as a reference to compare their
vibrato skills with an expert target vibrato for an arbitrary
score. The application goal of the study is to build a mobile
application to provide students with a didactic tool to help
them to practice their vibrato skills. The application shows
the vibrato features of one classical music piece for violin,
predicted by the trained model, showing at the same time
the features detected by the live performance of the user.
It provides a real-time reference for the student’s vibrato
performance.

2. RELATED WORK
2.1 Expressive Modelling.

De Poli introduces[2] three different levels of abstraction
in information-processing models.

o The first is the physical level, including all the infor-
mation that can be measured during a performance
like timing and gestures.

e The second level includes the sequence of symbols
describing the music representation like the pitch and
the duration occurring along the rigo.

e On the highest level there can be found the expres-
sive information associated to the music.

Mixing the first two points together, we can refer expres-
siveness to the means used by the performer to reach the
composers’ intention beside to her/his contribution to en-
rich the performance. The first aspect is in other terms, to
correlate the expressive deviations measured from the per-
former with the distribution of symbols across a score.
When dealing with modelling ordered sequence of in-
stances, the information brought by the neighbours of each
instance, could lead to choose different modelling strate-
gies. A common choice falls on using models trained through
time-dependent systems Variable Order Markov Model (
VOMM) and Recursive Neural Network (RNN) rather than
to use features to describe neighbours instances and their
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context (micro, small, phrasal, global). In the case of time-
dependent systems, the output of the model is processed
depending on the information processed through the model
in the previous steps. RNN methods are assumed to be dif-
ficult to train on musical phrases because of the difficulty
in defining them. Thus, we assume that vibrato, compared
to other expressive features such as timing and volume dy-
namics, is not related with large context properties. For this
reason we opted to use non-time-depending models, using
features including micro scene information. The informa-
tion has properties such as interval jumps and duration dif-
ferences among the previous and the following notes.

Rafael Ramirez et al. [3] apply machine learning tech-
niques to model the expression in music performances. The
information used to train the models includes note dura-
tion and metrical position, dynamics expectations, dura-
tion of the previous and the following notes, and the in-
tervals occurring between the neighbouring notes. This is
method is also used in [4] to study deviations in jazz guitar
pieces, predicting ornamentation using the attributes ex-
tracted note by note from scores. This second study com-
pared classification algorithms for ornamentation predic-
tion beside to regression algorithms for duration ratio, on-
set deviation, and energy ratio. Marco Marchini in [5] in-
troduces a method to study the inter-dependences among
musicians in bow quartet. Through inter-voice contextual
attributes, his work studied how the deviations occurred
differently distinguishing solo and ensemble performance
with increasing degree of espressive intention.

An example of time-dependent modelling is Magenta by
Google Deep Mind [6]. Magenta proposes an LSTM-based
recurrent neural network[7] designed to model polyphonic
music with expressive timing and dynamics and also to
predict the sequence of notes to be played.

In contrast to the general goals of synthesis or analysis
described so far in modelling expressiveness in musical
performance, the goal of the project presented aims at pro-
viding an didactic tool for one specific feature, which is the
vibrato. So far, we can state that time-dependent models
are useful to extract information which distribution is not
delimited on a specific area of the score. Starting from the
hypothesis that vibrato features are determined by a limited
micro context and not by global attributes, the procedural
paradigm we opted for is similar to the one proposed in the
works by Marchini and Ramirez.

2.2 Detection of vibrato features.

Usually researchers (e.g. [8] [9] [10]) consider vibrato a
floating pitch in a frequency range between 3 and 8-12 Hz.
The amplitude of vibrato ranges from half a semitone up to
one semitone and half (from 50 to 150 cents). These val-
ues are reasonable when considering bow instruments such
is the violin. For other instruments like wind instruments,
theremins, vocal singing and for electronic instruments, the
vibrato needs to be modelled considering other ranges and
thresholds given by the material and the geometric prop-
erties of the instrument. Moreover, vibrato’s amplitude
in bow instruments depends generally on the central fre-
quency on which the vibrato floats.

Standard techniques for detecting the vibrato, usually mea-
sure the change of the fundamental frequency of a pitch
contour which is calculated by spectral based methods (si-
nusoidal decomposition, harmonic product spectrum, etc.)
or time based ones (autocorrelation or YIN method [11]).
Once the pitch contour is obtained, the vibrato features
are accessible by analytic analysis, by using peaks-picking
algorithm[9] or by instantaneous frequency deviation[10],
or Fourier analysis techniques as happens in [8], where the
vibrato rate and extent are calculated starting from interpo-
lation of sinusoidal components.

Luwei Yang in his phd thesis [12] proposed a novel method
based on the Filter Diagonalisation Method (FDM). The
work detects vibrato and it estimate its parameters by us-
ing Decision Tree and Bayes Rule applied to the output of
FDM computed over short time-frames.

3. DESCRIPTION OF THE PROJECT

The work described in this paper aims at explaining which
attributes are significant for vibrato and at the same time,
providing a didactic tool for beginner students which helps
them to understand where and how vibrato should be played
in particular music contexts. From audio recordings of vio-
lin performances, a model is trained to predict vibrato from
scores. The output of the model is rendered to provide the
students with a real time comparison between their perfor-
mance and the output of the trained model. This project
gathers together research topics such as music signal anal-
ysis, music representation, machine learning, and multi-
media programming.

Fig. 1 shows the organization of the tasks described in
this paper. Starting from audio files of professional perfor-
mances, vibrato parameters were collected for each note
played, and at the same, time score descriptors were col-
lected for each note. By using the scores attributes describ-
ing the notes as features, a model based on machine learn-
ing techniques has been trained to predict the correspond-
ing vibrato parameters performed by the professional mu-
sician in the recordings. The predictions over some scores
have been rendered through an application for mobile de-
vice which analysing the performance of a user, provides
a real-time feedback to a student practising vibrato tech-
niques.

3.1 Data acquisition:

The project used audio files provided by the TELMI project.
The audios were recorded at a sample rate equal to 48
KHz and encoded with 16 bits, using one pick-up Fish-
man PRO-V20-0VI mounted on the violin and connected
via radio. The audio files are recorded by a professional
musician performing two classical pieces for violin, which
are Salut d’Amour by Edward Elgar and one study-work
from Michael Nyman. Each audio was accompanied with
the respective electronic score using musicXML [13] pro-
tocol.
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Figure 1. Work flow of the tasks performed

3.2 Vibrato information extraction

We used “Essentia” [14], an open-source library written in
C++ for music signals analysis, description and synthesis.
Each audio track was automatically processed detecting
frequency and amplitude values automatically extracted at
a rate of 172.258 Hz. By default, Essentia provides a fre-
quency range of the vibrato estimated from 4 Hz up to 8
Hz, while the amplitude covers a range from 50 cent to 250
cent. The frequency and amplitude are respectively set to
0 Hz and O cent if no vibrato was detected or if one of the
two values was lower than the minimum of the ranges.

3.3 Pre-processing of the audio data

In order to segment the vibrato values in the correspond-
ing notes, the onset and the duration of each note were
extracted by using “Tony” [15]. "Tony” provides an auto-
matic visualisation of audio files by detecting the pitch for
each audio frame and rendering the pitch contours. It al-
lows to export the onset and duration of the selected parts.
Automatic onset detection on violin audio is not a straight
forward procedure because of multiple issues: the energy
occurring between two notes linked by a glissando does
not necessarily change; when the bow changes its direc-
tion during a long note a silent gap is introduced within the
same note; the amplitudes is easily controlled by the mu-
sician introducing sudden change of energy within a long
note; during a glissando it is not obvious to set a thresh-
old where the previous note ends and the next one starts
and vibrato notes can be mismatched for multiple notes.
Furthermore, the things become even more difficult if, for
instance, the interval after a vibrato is one semitone.

The output file consists of 467 records, 242 notes for El-
gar’s piece and 225 for Nyman'’s study, including the start-
ing time in seconds and the duration of the windows se-
lected in the program. The starting and the ending of each
window have been manually done note by note by remov-
ing their attack and the final part of their release (which
could be effected by glissandi and other artefacts).

3.4 Vibrato features

The total amount of the records corresponds to the num-
ber of the notes written in the scores, including repetitions
and rests. The seconds when a note starts and its duration
were used to segment the values provided with Essentia
according to the notes written in the scores. We decided
to use only the mean of all the values computed by Essen-
tia between the start of the note and its offset, given by

Figure 2. User Interface for the mobile application. The
sine waves are modelled according to the vibrato predic-
tions of the notes from a XML score. On the top-right cor-
ner the sound level, MIDI note and the pitch are displayed.
The actual waveform input is showed in the bottom right
corner. The content of the screen scrolls to the left accord-
ing to the tempo provided in the score

the starting time plus the duration of the note. Other ap-
proaches would have considered the note divided in more
areas and detecting the modulation of the vibrato through-
out all the duration of the note. Once obtained the target
values for the model to be computed, the work shifted to
the extraction of the features used as input for the model.

3.5 Note descriptors

The XML files have been processed to extract the descrip-
tors note by note. The descriptors consisted in 35 dimen-
sions vectors, describing each note with their pitch, dura-
tion, meter position. They included features describing the
note’s neighbourhood in terms of pitch intervals and beats
duration differences respect to neighbour notes. Among
the 35 features, there were also included descriptors of per-
ceptual expectation based on Narmour structures.

3.6 Vibrato modelling

There have been computed features selections methods based
on information gain and provided with the software Weka
[16]. Using the Scikit-learn library[17], a machine learn-
ing tools for Python, the data collected was used with 4
different machine learning methods: 1-NN, Decision Tree,
ANN, and Support Vector Machine. The 4 methods were
used for classification models to detect which notes have
to be played with vibrato, and for two regressive models
to predict the frequencies and the amplitudes of the notes
to be performed with a vibrato. For each different task the
model with higher accuracy have been selected.

3.7 Mobile user interface design

Considering the degree of accessibility that the project wants
to offer, it has been decided to use a smart-phone context
for the rendering section. The general flow chart of the user
interaction and the mobile feedback is provided in the Fig.
3. A pilot application has been developed. It shows a first
screen on which a list of scores is displayed. By selecting
one score the application loads the vibrato predictions al-
ready computed for the score and shows a second screen

SMC2018 - 349



Mobile Device
X
[ Application
Real-Time Pitch
estimation

Figure 3. User interaction and device feedback flow chart

Real-Time Visual Feedback

Post-Per Feedback /

displaying the output of the model and the real-time pitch
detected from the user’s performance, as shown in Fig. 2.
During the performance the screen, as shown in 2, displays
a sequence of sine waves, each of them representing a note
in the score. The sine waves are modelled according to the
predictions of the vibrato and placed at the height of screen
according to the pitch of the note to which they refer. Af-
ter 4 beats of a metronome, the sequence of the sine waves
describing the notes, start shifting to the left according to
the tempo provided with the score. Once the score starts
to scroll, the pitch estimated in real time from the micro-
phone is superimposed to the sequence of sine waves. To
let the user keep the tempo, a metronome is synchronised
with the screen content.

4. FEATURE EXTRACTION AND MODELLING
4.1 Feature extraction

Score processing The score processing saves the informa-
tion enclosed between the XML tags into a Matlab struc-
ture. From each note in the score it extracts information
regarding tempo, pitch, measures, accents tides and slurs.
The so obtained tables stores onset in beats, duration in
beats, midi note pitch, onset and duration in seconds. Since
the original code was used for jazz guitar modelling, more
attributes were previously considered to include informa-
tion of chords whose features have been ignored for the
current project.

Feature extraction The features are collected in four super-
classes. The "Nominal descriptors” refers to the intrinsic
properties of the notes such as pitch, tempo, duration, on-
set and measure. A second class of features includes all
the features considering the information provided with the
neighbour notes. They include the interval and duration of
the previous and next note. “Contextual descriptors” re-
fer to properties inherited by the piece information such as
key, note to key and metrical information. The perceptual
features are calculated using the midiToolbox library[18]
to extract Narmour’s IR model’s structures (P, D, R, ID,
VP, IP) [19] [20]. Tonal stability represents pitch stabil-
ity respect to the key. Melodic attraction is the weight of
the pitches across the pitch space. Tessitura is the stan-
dard deviation of the pitch height distribution and predicts
the listener’s expectation of the tones being close to the
median pitch. Mobility is calculated on the expectation of
the melody to change direction after long intervals. The
features obtained for each note, give a representation of
micro, neighbourhood, contextual and perceptual level of
the score. Groups of tied notes are considered as a single

note. Their durations are summed and the remainder of the
extracted features refers to the first note of the group.

4.2 Learning the Predictive Models

Three models were obtained for three different tasks:
e A vibrato/non-vibrato classification model
e Vibrato amplitude regression model
e Vibrato frequency regression model

For the vibrato/non-vibrato model, a binary classifier was
trained, while for the other two tasks we trained regressive
models. Each time the first model predicted a note to be
performed with vibrato, the other two models were used
to predict the vibrato amplitude and frequency. Out of the
467 notes instances in the data set, 200 notes were detected
by Essentia as performed with vibrato. The vibrato notes
have frequencies mean equals to 5.63 +/- 0.48 Hz ranging
from 4.07 Hz up to 6.80 Hz, and extents mean equals to
71.64 +/- 17.10 cent ranging from 50.15 up to 130.99 cent
as shown in Fig. 4. Figure 5 shows the comparison be-
tween training error and cross validation while increasing
the size of the training set, using a ratio between training
set size and test set size ranging from 1:1 till approximately
3:1. It displays the results of a Support Vector Machine
for the regression tasks and a 1-Nearest Neighbour for the
classification task. The progressions show the accuracy ob-
tained for the vibrato detection and the mean square error
for the frequency and amplitude prediction. The cross val-
idation has been performed using 10 folds over a shuffling
size-fixed test set and a shuffling size-increasing training
set. This is a helpful tool to detect problems affecting the
training stage. In particular, we can observe that for the
frequency regression the distance between the two curves
decrease consistently while keeps quite large for the the
other two models. All the models were implemented with
four different algorithms to compare the results: Decision
Tree, Artificial Neural Network, Support Vector Machine
and 1-Nearest Neighbour.

4.3 Features selection

Following what previously described in 4.1, the features
extracted for each note are the following: duration, pitch,
duration of the previous and following note, harmonic in-
terval between the current note and the previous and the

freq ampl

o
40 45 5 6 70 8 9 100 110 120 130

Figure 4. The vibrato notes distributions. Frequencies
mean 5.63 +/- 0.48, max: 6.80, min: 4.07. Amplitudes
mean: 71.64 +/- 17.10, max: 130.99, min: 50.15
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Figure 5. Models’ quality comparison between training er-
ror and cross validation, increasing the size of the training
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Figure 6. Models’ training and 10-cross fold validation
augmenting the amount of feature considered during the
training, sorted according to their information gain

following, pitch , metre information, pitch to dominant in-
formation, registral direction [21], the registral return [21],
intervallic difference, closure, the proximity [21] and the
consonance [22],the tone stability [23], melodic attraction
[24], the tessitura and the mobility [25], and Narmour struc-
tures calculated for the target note, the previous and next
one. In fig. 6 the mean square error and accuracy for the
three tasks, calculated by increasing the number of features
used to train the models, is presented. It is easy to see that
even the training error improves when considering more
features while the testing set decrease its quality.

4.4 Correlation-based Feature Subset Selection

Based on [26], Weka [16] provides a subset of features
composed by those chosen for their information gain and
minimizing the redundancy among them. The subset of
features selected are so highly correlated with the classes
and carrying a low inter-correlation. For the frequency re-
gression, the following features have been selected: pre-
vious note duration, registral direction and the tessitura,
while for the amplitude task the features selected are: du-
ration, next note duration, previous interval, interval of the
note respect the dominant, the registral direction and Nar-
mour structure of the previous note. The subset of fea-
tures selected for the vibrato classification are: duration,
the pitch, the next interval and Narmour structure of the
next note.

Adding fingering feature to the model To investigate
to what extend fingering influences the performance of vi-
brato, the fingering used by the professional player was
manually transcribed for “Salut d’Amour”. The finger-

Models output using information from both the scores:

Task: SVM ANN DT 1-NN
mse for Frequency Regr.: 0.1774  0.1916  0.1802 0.2518
mse for Amplitude Regr.: 0.2044 02365  0.2003 0.2666

Accuracy for Vibrato Class.:  60.5485 69.8312 68.9873 73.4177

Table 1. The table summarize the results obtained from the
modelling of the features from the two scores excluded the
feature regarding the fingering

ing was transcript from a video recorded during the same
recording session used for the vibrato feature extraction
audios. The total note played are 248, 102 of them are
detected by Essentia as vibrato notes. The fingering infor-
mation (consisting in values {1,2,3,4} corresponding to the
finger used to press the string) was selected by Weka for the
feature subset for amplitude regression (duration, next note
duration, previous interval, note interval respect the domi-
nant, the closer, the consonance, the stability, and the Nar-
mour structure of the current and the previous note and fin-
gering). This proofs that fingering is an important source
of information when performing a vibrato. However, it re-
sults that fingering feature has not been selected in either
the vibrato classification feature subset (duration, pitch,
previous note duration, tessitura, metre position, Narmour
structure for the current and next note) nor in the frequency
regression feature subset (duration, previous note duration,
registral direction, registral return and tessitura), being not
considered a relevant information for these two tasks.

5. RESULTS

Tables 1 and 2 summarise the errors obtained from differ-
ent models used. The errors are computed using 10-folds
cross validation over the datasets. For the regression and
the classification models the mean square error and the ac-
curacy are reported.

The reduction of the size of the datasets by considering
only the Elgar’s work, seems generally to help the detec-
tion of Vibrato, while the regression seems to be negatively
affected by the poor amount of instances available respect
to the whole dataset. Comparing between the presence and
the absence of the fingering feature it can be observed that,
considering the reduction of instances used, while the fre-
quency seems to be largely affected by the poor amount
of samples, the amplitude predictions which use the fin-
gering feature, increased the error by the 9.4% compared
to the 17.59% of error increased for the frequency regres-
sion. Indeed, figure 5 shows in fact that the training error
and the cross validation error are affected by the lack of a
sizeable dataset. Moreover Fig. 6, which excludes the us-
age of fingering feature, suggests that the choice of reduc-
ing the amount of feature is effective, avoiding problems
of over-fitting. Figure 7 shows the prediction curves of vi-
brato amplitudes and frequencies compared to the target
values of the note played. The predictions were calculated
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Models output introducing fingering information only for Salut d’Amour’:

Task: SVM ANN DT 1-NN
mse for Frequency Regr.: 0.2114 0.2379 0.2086  0.2805
mse for Amplitude Regr.: 0.2362 0.3521 02192  0.3048

Accuracy for Vibrato Class.:  70.5645 73.7903  70.5645 72.5806

Table 2. The table summarize the results of the models for
Salut d’Amour introducing the fingering feature.

by using the model performing the best results from the
table above. We can see that the values representing the
predictions range over the same extent of the real values.

Figure 7. The test predictions and the ground truth values
for the two regressive models performing the best results
in Table 1.

6. CONCLUSIONS AND FUTURE WORK

This paper provides a study of significant features affecting
violin vibrato production. It points out at the importance
of fingering information (see section 4.4) in expressive per-
formances. Fingering seems to affect only the amplitude of
the vibrato while it seems to not influence its rate. Since
fingering is unique for the piece, it provides a low inter-
correlated features, letting it to be a potentially suitable at-
tribute for the models. It could be further considered that
the piece requires vibrato on those notes which occur to be
played mostly with particular fingers.

A real-time feedback application was designed targeting
beginner violin students, which allows to compare the stu-
dents’ vibrato choices with those produced by a model
trained to take decisions similar to a professional musician.

Future work includes training models with a larger dataset.

The results obtained indicate that the accuracy of the mod-
els would very likely increase if more data were included
in the training process.
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