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ABSTRACT

We present a study of the effects of feedback technologies on the
learning process of novice violin students. Twenty-one subjects
participated in our experiment, divided into two groups: Beginners
(participants with no prior violin playing experience, N=14), and
experts (participants with more than 6 years of violin playing ex-
perience, N=7). The beginners group was further divided into two:
a group of beginners learning with Youtube videos (N=7), and a
group of beginners with additional feedback related to the quality
of their performance (N=7). Participants were asked to perform a
violin exercise during 21 trials while their audio was recorded and
analyzed. Three different audio descriptors were extracted from
each audio in order to evaluate the quality of the performance: Dy-
namic stability, pitch stability and aperiodicity. Beginners showed
a significant improvement during the session(i.e. by comparing the
beginning and the end of the session)in the quality of the sound
recorded, while experts maintained their results. However, only
the beginner group with feedback showed significant improvement
between the middle and late part of the session, while the group
without feedback remained stable.
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1 INTRODUCTION

Technology enhanced learning (TEL) or e-learning are terms which
refer to a relatively new field characterized by the use of new tech-
nological tools and interfaces to improve the process of learning. In
particular, TEL has been applied with great success to music theory
learning. However, there is still a long way in the development
of applications able to provide useful real-time audio and gesture
feedback about music performance to students. Some efforts in this
direction are the i-Maestro project[8]. which aim was to improve
performance learning with multimodal technology support using
wireless modules and a sensor setup, whereas companies such as
Riyaz [1] are helping people during the process of learning to sing
through the use of instantaneous feedback using audio descriptors.
In this work we aim to explore the effects of feedback technologies
on the learning process of novice violin students. With this pur-
pose, we explore the usefulness of audio descriptors (e.g. dynamic
stability, pitch stability). Romani et al.[11] showed that there is a
correlation between audio descriptors extracted from the record-
ings of professional musicians and their subjective scores about the
quality of the generated sound. In this work we aim to evaluate
the usefulness of real-time feedback based on audio descriptors in
novice violin students.

2 MATERIALS AND METHODS

2.1 Participants

Twenty-one adults participated in the study. Participants granted
their written consent and procedures were positively evaluated
by the CIREP, Barcelona, Spain. Participants were asked to fill a
form with questions regarding their level of musical studies and
their primary instruments. Participants with ample experience in
violin playing conformed the expert group (EG;6 male, 1 female;
mean age: 35.2(9.01); mean years studying violin: 7.6(2.19)) while
participants with no prior violin playing (and neither any bowed
string instrument, e.g. cello, double-bass) experience were included
in the beginners group. The beginners group were divided into
two different groups: a group of beginners learning with Youtube
videos (BNF; 6 male, 1 female; mean age: 28.4 (3.12); all of them
musicians with years of experience, mean: 10.4 (4.12)), and a group
of beginners with additional feedback related to the quality of
their performance (BF; 5 male, 2 female; mean age: 26.85 (4.90);
all of them musicians with years of experience, mean: 9.3 (5.11)).
Participants were recruited in person at the university campus.
Before starting, participants received a written consent form and
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were informed about their task, the experimental procedures and
their right to withdraw from the experiment at any moment.

2.2 Materials

All participants used the same violin and the sound of each violin
trial was recorded using a Zoom recorder [3] and processed later in
Matlab [10] using the ”Yin Algorithm” [5]. Yin is a commonly used
pitch detection algorithm based upon autocorrelation to extract
audio features in order to assess the quality of the audio produced
by the subjects.

2.3 Method

Beginner participants (i.e. in BF and BNF) were shown a ten minute
instructional video on stance and violin position [2]. All partici-
pants in the study were asked to play twenty-one trials consisting of
four up and down bowing movements (playing the A open string),
with the aim to achieve stable tone and dynamics. Participants
were free to take as many breaks as they wanted through the exper-
iment although, every five trials participants had the opportunity
to review as many times as they wanted the reference expert video.
The BF group was able to visualize after each trial their score in
Dynamic Stability, Pitch Stability and Aperiodicity represented in
a graph together with their past scores.

2.3.1 Extraction of audio features. Generated violin sound was
recorded for each trial and processed independently. First, we ex-
tracted sound descriptors from the audio signal of each trial using
the Yin algorithm implementation in Matlab [9]. This Matlab im-
plementation first windows the signal, using a windows size which
depends in the sample rate and the minimum frequency (30Hz by
default), and for each windows it computes three different parame-
ters which are: the fundamental frequency in octaves (reference:
440), the aperiodicity measure (the ratio of aperiodic to total power),
and the period-smoothed instantaneous power. With those param-
eters we can compute the inverse values of sound descriptors such
as Dynamic Stability or Pitch Stability by computing the standard
deviation of both power and fundamental frequency, which can
be used to assess sound quality [11]. Finally, the inverse values of
Dynamic Stability and Pitch Stability together with Aperiodicity
were normalized by subtracting the mean. The average value of the
three descriptors for each trial conforms a unique descriptor called
Sound Instability.

3 RESULTS

The results of Sound Instability along trials of the beginners com-
pared with experts can be seen in Fig.1. As a first step, we did a
classification task in Weka [6] to see if the features were appropri-
ate to discriminate between beginners and experts. We used the
OneR [7] classifier for each feature. The total number of instances
was 522 (378 sounds from beginners sound and 144 sounds from
experts). ZeroR was used as a baseline showing results of 72.41%.
A summary of the classification accuracy for each feature can be
seen in Table 1 and 2.

The number of trials were divided into three time periods: Early
(trials 1-7), Middle (trials 7-14) and Late (trials 15-21). A two-way
mixed ANOVA (3x3) was then performed in SPSS [4] with time
as a within-subject factor (time at early, time at middle, and time
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Table 1: Table 1: Descriptors chosen to classify the sounds
and their classification accuracy.’Significant difference in
values compared to baseline (ZeroR: 67.12%)

Classifier ‘ Dynamic Stability H Pith Stability
OneR | 79.45%" | 85.84%"

Table 2: Table 2: Descriptors chosen to classify the sounds
and their classification accuracy.*Significant difference in
values compared to baseline (ZeroR: 67.12%)

Classifier ‘ Aperiodicity H Sound Stability H
OneR | 8219%" |  8287%" ||

at late) and Group as a between-subject factor (BF, BNF and EG).
Before that, a Shapiro-Wilk test for normality was performed on
the data showing not significant results and after, a Mauchly’s Test
of Sphericity showing a significance value and thus fulfilling the
assumptions.

Sound Quality Descriptor

osf
07HT 4
okl |
osf
04

— o+

Score

0.3

-

02

JUER 5+

12 34567 8 91011121314 1516 17 1818 20 21
Trials during session

0.

= =

-0.

0.2

Figure 1: Boxplot of errors in mean phrase velocity predic-
tions.

Results revealed significant differences at time and at the inter-
action between time*groups. Pairwise comparisons realized with
the Bonferroni correction for the p-value (at p=0.05) showed signif-
icant differences between experts and both beginners group, but
not significance between beginners with and without feedback.
Significant values were also found in time between the early and
the middle and late period. No significant differences were seen
between middle and late. Differences among means between the
middle and late period of both groups of beginners (BF and BNF)
showed how the group with feedback (BF) improved 27.87% more.
Two paired t-test were performed between the middle and late
period of time, one for each group. After adjusting the p-value
for multiple comparison tests using the Bonferroni method for a
number of three tests, no significant differences were observed in
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the group without feedback (p = 0.603) while significant ones were
found for the group with feedback. (p = 0.024).

4 CONCLUSIONS

In this work we have validated the use of dynamic stability, pitch
stability and aperiodicity features to discriminate between good
and bad sound confirming previous related work [11]. However,
in this work we have shown how this descriptors were able not
only to discriminate between sounds generated by beginners and
experts but also, were able to track the learning process of the
beginner group and therefore allowing us to study the impact of
feedback technologies. Whereas experts did not seem to show any
significant improvement along the session, both beginners group
showed significant improvements between the early trials and the
rest of the session. However, is important to remark that only the
beginner group with feedback (BF) showed improvement between
the middle and late part of the session, while results of the group
without feedback (BNF) remained stable. These results support the
relevance of technology for providing feedback related to specific
learning tasks. Low-cost technologies accessible to everyone (e.g. a
microphone) are sufficient to allow tracking the learning process
of students. This kind of technology may not be offering only addi-
tional information to the regular response of the instrument, but
also motivation to students. Long-term effects of such technologies
are out of the scope of this paper and should be further investigated.
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