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Welcome to CMMR 2012 
 
     On behalf of the Conference Committee, it is a pleasure for us to welcome you to 
London for the 9th International Symposium on Computer Music Modeling and Retrieval 
(CMMR 2012): Music and Emotions. Jointly organised by the Centre for Digital Music, 
Queen Mary University of London, and the CNRS - Laboratoire de Mécanique et 
d'Acoustique, Marseille, France, CMMR 2012 brings together researchers, educators, 
librarians, composers, performers, software developers, members of industry, and others 
with an interest in computer music modeling, retrieval, analysis, and synthesis to join us 
for what promises to be a great event. 

 
     For this year's symposium, we chose the theme of Music and Emotions. Music can 
undoubtedly trigger various types of emotions within listeners. The power of music to 
affect our mood may explain why music is such a popular and universal art form. 
Research in cognitive science has investigated these effects, including the enhancement of 
intellectual faculties in given conditions by inducing positive affect. Music psychology has 
studied the production and discrimination of various types of expressive intentions and 
emotions in the communication chain between composer, performer and listener. Music 
informatics research has employed machine learning algorithms to discover relationships 
between objective features computed from audio recordings and subjective mood labels 
given by human listeners. But the understanding of the genesis of musical emotions and 
the mapping of musical variables to emotional responses remain complex research 
problems. 

 
     CMMR 2012 received over 150 submissions of papers, music, tutorials, and demos, 
and the committees chose the best of these to form a programme with seven technical 
sessions, two poster sessions, two panel sessions, a demo session, three concerts, two 
tutorials and a workshop. We are honoured to host the following invited speakers covering 
various aspects of our theme: Patrik Juslin (music psychology), Laurent Daudet (music 
signal processing) and Simon Boswell (film music composition). Ample time has been left 
between sessions for discussion and networking, complemented by the evening social 
programme, consisting of a welcome reception at Wilton’s Music Hall, and a conference 
banquet on Thursday 21st June at Under the Bridge, which will feature a concert from the 
French band BBT and a jam session, in which delegates are invited to join in. 

 
     We wish to thank Mitsuko Aramaki, Richard Kronland-Martinet and Sølvi Ystad for 
giving us the opportunity to host this conference and for their work selecting the 
programme. We also thank our sponsors, who have generously supported the conference, 
allowing us to offset some of the costs of holding a conference in pre-Olympic London, 
including very busy scientific, musical and social programmes. Finally, we would like to 
take the opportunity to thank all of the members of the various committees, listed on the 
following pages, for their contribution to the symposium, the reviewers for their 
meticulous hard work, as well as the authors, presenters, composers and musicians taking 
part in the programme, without whom we would not have been able to host CMMR 2012. 
 
     We hope you enjoy the various scientific, musical and social events of the next four 
days, and that your time with us in London is rewarding. 
 

Mathieu Barthet and Simon Dixon 
CMMR 2012 Symposium Chairs 
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Programme 
 
 

 
Tuesday 19th June 
 
 
 
09:00-10:00 Registration 

 
10:00-12:30 Tutorial/Workshop 1 

Pure Data and Sound Design (Andy Farnell) 
 

10:00-12:30 Tutorial 2 
Musicology and Music Information Retrieval Tools (Daniel Leech-
Wilkinson and Dan Tidhar) 
 

10:00-12:30 CMMR 2012 Music Concert and C4DM Recording and Performance 
Spaces Tour 
 

11:00-12:00 Coffee Break 
 

12:30-13:30 Lunch 
 

13:30-17:00 Cross-Disciplinary Perspectives on Expressive Performance 
Workshop 
Supported by the Arts and Humanities Research Council (AHRC) 
 

15:00-17:00 Tour of British Library Sound Studios 
 

15:00-16:00 Coffee Break 
 

18:30-19:30 Welcome Reception (Balconies of Wilton's Grand Music Hall) 
 

20:00-22:00 New Resonances Festival at Wilton's Music Hall (Concert 1) 
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Audio, Performance, Semantic Web 
 

15:00 - 16:40 Oral Session 2: 3D Audio and Sound Synthesis 
 

16:40 - 17:00 Coffee break 
 

17:00 - 18:00 Panel 1: "Production Music: Mood and Metadata" (Dr. Mathieu 
Barthet, David Marston, Will Clark, Joanna Gregory, Marco Perry) 
 

20:00 - 22:00 New Resonances Festival at Wilton's Music Hall (Concert 2) 
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20:00 - 00:00 Gala Dinner at the Under The Bridge venue (Chelsea Football Club) 
followed by BBT Concert and Open Jam Session 
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Enabling Participants to Play Rhythmic Solos Within a Group via
Auctions
Arjun Chandra, Kristian Nymoen, Arve Voldsund, Alexander Refsum
Jenseniuz, Kyrre Glette, and Jim Torresen . . . . . . . . . . . . . . . . . . . . . . . . . 674

Demo Session . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 691
Development of a Test to Objectively Assess Perceptual Musical Abilities

Lily Law and Marcel Zentner . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 691
Soi Moi...

n + n Corsino and Jacques Diennet . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 695
Author Index . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 697

xiv



.



Oral session 1:
Music Emotion Analysis

2



Continuous Response to Music using Discrete Emotion 
Faces  

Emery Schubert1, Sam Ferguson2, Natasha Farrar1, David Taylor1 and 
Gary E. McPherson3, 

 
1 Empirical Musicology Group, University of New South Wales, Sydney, Australia 

2 University of Technology, Sydney, Australia 
3 Melbourne Conservatorium of Music, University of Melbourne, Melbourne, Australia 

E.Schubert@unsw.edu.au 

Abstract. An interface based on expressions in simple graphics of faces were 
aligned in a clock-like distribution with the aim of allowing participants to 
quickly and easily rate emotions in music continuously.  We developed the 
interface and tested it using six extracts of music, one targeting each of the six 
faces: ‘Excited’ (at 1 o’clock), ‘Happy’ (3), ‘Calm’ (5), ‘Sad’ (7), ‘Scared’ (9) 
and ‘Angry’ (11).   30 participants rated the emotion expressed by these 
excerpts on our ‘emotion-face-clock’. By demonstrating how continuous 
category selections (votes) changed over time, we were able to show that (1) 
more than one emotion-face could be expressed by music at the same time and 
(2) the emotion face that best portrayed the emotion the music conveyed could 
change over time, and that the change could be attributed to changes in musical 
structure.  

Keywords: Emotion in music, continuous response, discrete emotions, time-
series analysis, film music. 

1   Introduction 

Research on continuous ratings of emotion expressed by music (that is, 
rating the music while it is being heard) has led to improvements in 
understanding and modeling music’s emotional capacity.  This research 
has produced time series models where musical features such as 
loudness, tempo, pitch profiles and so on are used as input signals 
which are then mapped onto emotional response data using least 
squares regression and various other strategies [1-4]. 

One of the criticisms of self-reported continuous response however, 
is the rating response format.  During their inception in the 1980s and 
1990s [5, 6] such measures have mostly consisted of participants rating 
one dimension of emotion (such as the happiness, or arousal, or the 
tension, and so on) in the music.  This approach could be viewed as so 
reductive that a meaningful conceptualization of emotion is lost.  For 
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example, Russell’s [7, 8] work on the structure of emotion 
demonstrated that a large amount of variance in emotion can be 
explained by two fairly independent dimensions, frequently labeled 
valence and arousal.  The solution to measuring emotion continuously 
can therefore be achieved by rating the stimulus twice (that is, in two 
passes), once along a valence scale (with poles of the scale labeled 
positive and negative), and once along an arousal scale (with poles 
labeled active and sleepy) [for another multi-pass approach see 9].  In 
fact, some researchers have combined these scales at right angles to 
form an ‘emotion space’ so as to allow a good compromise between 
reductive simplicity (the rating scale), and the richness of emotional 
meaning (applying what were thought to be the two most important 
dimensions in emotional structure simultaneously and at right angles) 
[e.g. 10, 11, 12 ].   

The two dimensional emotion space has provided an effective 
approach to help untangle some of the relations between musical 
features and emotional response, as well as providing a deepening 
understanding of how emotions ebb and flow during the unfolding of a 
piece of music.  However, the model has been placed under scrutiny on 
several occasions. The most critical matter that is of concern in the 
present research is theory and subsequent labeling of the emotion 
dimensions and ratings.  For example, the work of Schimmack [13, 14] 
has reminded the research community that there are different ways of 
conceptualizing the key dimensions of emotion, and one dimension 
may have other dimensions hidden within it.   Several researchers have 
proposed three key dimensions of emotion [15-17].  Also, dimensions 
used in the ‘traditional’ two dimensional emotion space may be hiding 
one or more dimensions.  Schimmack demonstrated that the arousal 
dimension is more aptly a combination of underlying ‘energetic 
arousal’ and ‘tense arousal’.  Consider, for instance, the emotion of 
‘sadness’.  On a single ‘activity’ rating scale with poles labeled active 
and sleepy, sadness will most likely occupy low activity (one would not 
imagine a sad person jumping up and down).  However, in a study by 
Schubert [12] some participants consistently rated the word ‘sad’ in the 
high arousal region of the emotion space (all rated sad as being a 
negative valence word).  The work of Schimmack and colleagues 
suggests that those participants were rating sadness along a ‘tense 
arousal’ dimension, because sadness does contain conflicting 
information about these two kinds of arousal – high tension arousal but 
low activity arousal. 

4
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Some solutions to the limitation of two dimensions are to have more 

than two passes when performing a continuous response (e.g. valence, 
tense arousal and activity arousal), or to apply a three dimensional GUI 
with appropriate hardware (such as a three dimensional mouse).  
However, in this paper we take the dilemma of dimensions as a point of 
departure and apply what we believe is the first attempt to use a 
discrete emotion response interface for continuous self-reported 
emotion ratings.   

Discrete emotions are those that we think of in day-to-day usage of 
emotions, such as happy, sad, calm, energetic and so forth.  They can 
each be mapped onto the emotional dimensions discussed above, but 
can also be presented as independent, meaningful conceptualizations of 
emotion [18-22].  An early continuous self-reported rating of emotion 
in music that demonstrated an awareness of this discrete structure was 
applied by Namba et al. [23], where a computer keyboard was labeled 
with fifteen different discrete emotions.  As the music unfolded, 
participants pressed the key representing the emotion that the music 
was judged to be expressing at that time.  The study has to our 
knowledge not been replicated, and we believe it is because the 
complexity of learning to decode a number of single letters and their 
intended emotion-word meaning.  It seems likely that participants 
would have to shift focus between decoding the emotion represented on 
the keyboard, or finding the emotion and then finding its representative 
letter before pressing.  And this needed to be done on the fly, meaning 
that by the time the response was ready to be made, the emotion in the 
music may have changed.  The amount of training (about 30 minutes 
reported in the study) needed to overcome this cognitive load can be 
seen as an inhibiting factor. 

Inspired by Namba et al’s pioneering work, we wanted to develop a 
way of measuring emotional response continuously but one which 
captured the benefits of discrete emotion rating, while applying a 
simple, intuitive user interface. 

2   Using discrete facial expressions as a response format 

By applying the work of some of the key research of emotion in 
music who have used discrete emotion response tools [24-26], and 
based on our own investigation [27], we devised a system of simple, 
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schematic facial expressions intended to represent a range of emotions 
that are known to be evoked by music. Further, we wanted to recover 
the topology of semantic relations, such that similar emotions were 
positioned beside one another, whereas distant emotions were 
physically more distant.  This approach was identified in Hevner’s [28-
31] adjective checklist.  Her system consisted of groups of adjectives, 
arranged in a circle in such a way as to place clusters of words near 
other clusters of similar meaning.  For example, the cluster of words 
containing ‘bright, cheerful, joyous …’ was adjacent to the cluster of 
words containing ‘graceful, humorous, light…’, but distant from the 
cluster containing the words ‘dark, depressing, doleful…’.  Eventually, 
the clusters would form a circle, from which it derived its alternative 
names ‘adjective clock’ [32] and ‘adjective circle’ [31].  Modified 
version of this approach, using a smaller number of words, are still in 
use [33].  Our approach also used a circular form, but using faces 
instead of words.  Consequently, we named the layout an ‘emotion-
face-clock’. Literate and non-literate cultures have become adept at 
speedy interpretation of emotional expression in faces [34, 35], making 
them more suitable for emotion rating tasks than words.  Further, 
several emotional expressions are universal [36, 37] making the 
reliance on a non-verbal, non-language specific format appealing [38-
40].   

Selection of faces to be used for our response interface were based 
on the literature of commonly used emotion expressions to describe 
music [41], the recommendations made on a review of the literature by 
Schubert and McPherson [42] but also such that the circular 
arrangement was plausible.  The faces selected corresponded roughly 
with the emotions from top moving clockwise (see Fig. 1): Excited (at 
1 o’clock), Happy (3), Calm (5), Sad (7), Scared (9) and Angry (11 
o’clock), with the bottom of the circle separated by Calm and Sad.  The 
words used to describe the faces are selected for the convenience of the 
researchers.  Although a circle arrangement was used, a small gap 
between the positive emotion faces and the negative emotion faces was 
imposed, because a spatial gap angry and excited, and between calm 
and sad reflected a semantic distance (Fig. 1).  We did not impose our 
labels of the emotion-face expressions onto the participants.  Pilot 
testing using retrospective ratings of music using the verbal expressions 
are reported in Schubert et al. [27]. 
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3   Aim 

The aim of the present research was to develop and test the emotion-
face-clock as a means of continuously rating the emotion expressed by 
extracts of music. 

4   Method 

4.1 Participants  

Thirty participants were recruited from a music psychology course 
that consisted of a range of students including some specializing in 
music.  Self-reported years of music lessons ranged from 0 to 16 years, 
mean 6.6 years (SD = 5.3 years) with 10 participants reporting no 
music lessons (‘0’ years).  Ages ranged from 19 to 26 years (mean 21.5 
years, SD = 1.7 years).   Twenty participants were male.  

4.2   Software realisation 

The emotion-face-clock interface was prepared, and controlled by 
MAX/MSP software, with musical extracts selected automatically and 
at random from a predetermined list of pieces.  Mouse movements were 
converted into one of eight states: centre, one of the six emotions 
represented by schematic faces, and ‘elsewhere’ (Fig. 1).  The eight 
locations were then stored in a buffer that was synchronized with the 
music, with a sampling rate of 44.1kHz.  Given the redundancy of this 
sampling rate for emotional responses to music [which are in the order 
of 1 Hz – see 43], down-sampling to 25Hz was performed prior to 
analysis.  The facial expressions moving around the clock in a 
clockwise direction were Excited, Happy, Calm, Sad, Scared and 
Angry.  Note that the verbal labels for the faces are for the convenience 
of the researcher, and do not have to be the same as those used by 
participants.  More important was that the expressions progressed 
sequentially around the clock such that related emotions were closer 
together than distant emotions, as described above.  However, the 
quality of our labels were tested against participant data using the 
explicit labeling of the same stimuli in an earlier study [27].   

7
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Fig. 1. Emotion-face-clock graphic user interface.  This is a grayscale version.  Face colours 
were yellow shades for right three faces (Excited [bright yellow], Happy and Calm), red for 
Angry, dark blue for Scared and light blue for Sad, based on [27].  Crotchet icon in Centre was 
green when ready to play, and grayed out, opaque when excerpt was playing.  Text in top two 
lines provided instructions for the participant.  White boxes, arrows and labels were not visible 
to the participants.  These indicate the regions used to determine the eight response categories. 

4.3 Procedure  

Participants were tested one at a time.  The participant sat at the 
computer display and wore headphones.  After introductory tasks and 
instructions, the emotion-face-clock interface was presented, with a 
green icon (quaver) in the centre (Fig. 1).  The participant was 
instructed to click the green button to commence listening, and to track 
the emotion that the music was expressing by selecting the facial 
expression that best matched the response.  They were asked to make 
their selection as quickly as possible. When the participant moved the 
mouse over one of the faces, the icon of the face was highlighted to 
provide feedback.  The participant was asked to perform several other 
tasks. The focus of the present report is on continuous rating over time 
of emotion that six extracts of music were expressing.  

8
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4.4 Stimuli  

Because the aim of this study is to examine our new continuous 
response instrument, we selected six musical excerpts for which we had 
emotion ratings made using tradition post-performance ratings scales 
from a previous study [27].  The pieces were taken from Pixar animated 
movies, based on the principle that the music would be written to 
stereotypically evoke a range of emotions.  The excerpts selected were 
11 to 21 seconds long with the intention of primarily depicting each of 
the emotions of the six faces on the emotion-face-clock.  In our 
reference to the stimuli in this report, they were labeled according to 
their target emotion: Angry, Scared, Sad, Calm, Happy and Excited. 
More information about the selected excerpts is shown in Table 1.  
When referring to a musical stimulus the emotion label is capitalized 
and italicised. 

Table 1.  Stimuli used in the study.  

Stimulus code  
(target emotion) 

Film music excerpt  Start time  
within CD track 
(MM’SS elapsed) 

Duration of 
excerpt (s) 

Angry Up: 52 Chachki Pickup 00"53 17 
Calm Finding Nemo: Wow   00"22 16 
Excited Toy Story: Infinity and 

Beyond 
00"15 16 

Happy Cars: McQueen and Sally 00"04 16 
Sad Toy Story 3: You Got Lucky 01"00 21 
Scared Cars: McQueen's Lost  00"55 11 

5   Results and Discussion 

Responses were categorized into one of eight possible responses (one 
of the six emotions, the centre location, and any other space on the 
emotion-face-clock labeled ‘elsewhere’ – see Fig. 1) based on mouse 
positions recorded during the response to each piece of music.  This 
process was repeated for each sample (25 per second).  Two main 
analyses were conducted.  First, the relationships between the collapsed 
continuous ratings against rating scale results from a previous study 
using the same stimuli, and then an analysis of the time series responses 
for each of the six stimuli. 
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5.1 Summary responses 

In a previous study, 26 participants provided ratings of each of the 
six stimuli used in the present study (for more details`, see [27] for 
details) along 11 point rating scales from ‘0 (not at all)’ to ‘10 (a lot)’.  
The scales were labeled Angry, Scared, Sad, Calm, Happy and Excited.  
No faces were used in the response interface for that study.   

The continuous responses from the current study were collapsed so 
that the number of votes a face received as the piece unfolded was 
tallied, producing a proportional representation of faces that were 
selected as indicating the emotion expressed by each face for a 
particular stimulus.  The plots of these results are shown in Fig. 2.  
Take for example the responses made to the Angry excerpt.  All 
participants first ‘votes’ were for the ‘Centre’ category because they 
had to click the icon at the centre of the emotion-face-clock to 
commence listening.  As participants decided which face represented 
the emotion expressed, they moved the mouse to cover the appropriate 
face.  So, as the piece unfolded, at any given time, some of the 30 
participants might have the cursor on the Angry face, while some on 
the Scared face, and another who may not yet have decided remains in 
the centre or has moved the mouse, but not to a face (‘elsewhere’). 
With a sampling rate of 25 Hz it was possible to see how these votes 
changes over time (the focus of the next analysis).  At each sample, the 
votes were tallied into the eight categories.  Hence each sample had a 
total of 30 votes (one per participant).  At any sample it was possible to 
determine whether participants were or were not in agreement about the 
face that best represented the emotion expressed by the music. 

The face by face tallies for each of these samples were accumulated 
and divided by the total number of samples for the excerpt.  This 
provided a summary measure of the time-series to approximate the 
typical response profile for the stimulus in question.  These profiles are 
reported in Fig. 2 in the right hand column.  Returning to the Angry 
example we see that participants spent most time on the Angry face, 
followed by Scared and then the Centre.  This suggests that the piece 
selected indeed best expressed anger according to the accumulated 
summary of the time series.  The second highest votes belonging to the 
Scared face can be interpreted as a ‘near miss’ because of all the 
emotions on the clock, the scared face is semantically closest to the 
Angry face, despite obvious differences (for a discussion, see [27]).  In 
fact, when comparing the accumulated summary with the post-

10



Discrete Emotion Faces 9          
 

performance rating scale profile (from the earlier study), the time series 
produces a profile more in line with the proposed target emotion.  The 
post-performance ratings demonstrate that Angry is only the third 
highest scored scale, after Scared and Excited.  The important point, 
however, is that Scared and Excited are located on either side of the 
emotion-face-clock, making them the most semantically related 
alternatives to angry of the available faces.  For each of the other 
stimuli, the contour of the profiles for post-performance ratings and 
accumulated summary of continuous response are identical.   

These profiles matches are evidence for the validity of the emotion-
face-clock because they mean that the faces are used to provide a 
similar meaning to the emotion words used in the post-performance 
verbal ratings.  We can therefore be reasonably confident that at least 
five of the faces selected can be represented verbally by the five verbal 
labels we have used (the sixth – Anger, being confused occasionally 
with Scared).  The similarity of the profile pairs in Fig. 2 is also 
indicative of the reliability of the emotion-face-clock because it more-
or-less reproduces the emotion profile of the post-performance ratings. 

Two further observations are made about the summary data.  
Participants spend very little time away from a face or the centre of the 
emotion-face-clock (the elsewhere region is selected infrequently for 
all six excerpts).  While there is the obvious explanation that the six 
faces and the screen centre occupy the majority of the space on the 
response interface (see Fig. 1) the infrequent occurrence of the 
Elsewhere category also may indicate that participants are fairly certain 
about the emotion that the music is conveying.  That is, when an 
emotion face is selected by a participant, they are likely to believe that 
to be the best selection, even if it is in disagreement with the majority 
of votes, or with the a priori proposed target emotion.  If this were not 
the case, we might expect participants to hover in ‘no mans land’ of the 
emotion-face-clock—Elsewhere and Centre. 

The ‘no-mans-land’ response may be reflected by the accumulated 
time spent on the centre category.  As mentioned, time spent in the 
centre category is biased because participants always commence their 
responses from that region (in order to click the play button).  The 
centre category votes can therefore be viewed as indicating two kinds 
of systematic responses: (1) initial response time and (2) response 
uncertainty.  Initial response time is the time required for a participant 
to orient to the required task just as the temporally unfolding stimulus 
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commences.  The orienting process generally takes several seconds to 
complete, prior to ratings becoming more ‘reliable’ [44-46].  So stimuli 
in Figure 2 with large bars for ‘Centre’ may require more time before 
an unambiguous response is made.   

 

 
Fig. 2. Comparison of post performance ratings [from 27] (left column of charts) with sample 
averaged continuous response face counts for thirty participants (right column of charts) for the 
six stimuli, each with a target emotion shown in the leftmost column.  

12
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The relatively large amount of time spent in the Centre for this piece 

may, also, be an indicator of uncertainty of response.  Well after a 
typical orientation period has passed, for this excerpt, uncertainty in 
rating remains (as will become clear in the next sub-section).  The 
Scared stimulus has the largest number of votes for the Centre location 
(on average, at any single sample, eight out of thirty participants were 
in the centre of the emotion-face-clock).  Without looking at the time 
series data, we may conclude that the Scared excerpt produced the least 
‘confident’ rating, or that the faces provided were unable to produce 
satisfactory alternatives for the participants. 

Using this logic (long time spent in the Centre and Elsewhere), we 
can conclude that the most confident responses were for those pieces 
where accumulated time spent in the Centre and Elsewhere were the 
lowest.  The Calm stimulus had the highest ‘confidence’ rating (an 
average of about 4 participants at the Centre or Elsewhere combined).  
Interestingly, the Calm example also had the highest number of 
accumulated votes for any single category (the target, Calm emotion) 
— which was selected on average by 18 participants at any given time. 

The analysis of summary data provides a useful, simple 
interpretation of the continuous responses.  However, to appreciate the 
richness of the time-series responses, we now examine the time-series 
data for each stimulus. 

5.2 Continuous responses 

Fig. 3 shows the plots of the stacked responses from the 30 
participants at each sample, for each stimulus.  The beginning of each 
time series, thus, demonstrates that all participants commenced their 
response at the Centre (the first, left-most vertical ‘line’ of each plot is 
all black, indicating the Centre).  By scanning for black regions for 
each of the plots in Fig. 2 some of the issues raised in the accumulated 
summary analysis, above, are addressed.  We can see that the black and 
grey disappears for the Calm plot after 6 seconds have elapsed.  For 
each of the other stimulus a small amount of doubt remains at certain 
times – in some cases a small amount of uncertainty is reported 
throughout (there are no samples in the Scared and Excited stimuli 
where all participants have selected a face).  Further, the largest area of 
black and grey occurs in the Scared plot. 

13
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The time taken for ‘most’ participants to make a decision about the 

selection of a first face is fairly stable across stimuli.  Inspection of Fig. 
3 reveals that in the range of 0.5 seconds through to 5 seconds most 
participants have selected a phase.  This provides a rough estimate of 
the initial orientation time for emotional response using categorical data 
(for more information`, see [44]). 

Another important observation of the time-series of Fig. 3 is the ebb 
and flow of face frequencies.  In the summary analysis it was possible 
to see when more than one emotion face was selected to identify the 
emotion expressed by the music.  However, here we can see when these 
‘ambiguities’ occur.  The Angry and Sad stimuli provide the clearest 
examples of more than one dominant emotion.  For the Angry excerpt, 
the ‘Scared’ face is frequently reported in addition to Angry.  And the 
number of votes for the Scared face slightly increase toward the end of 
the excerpt. Thus, it appears that the music is expressing two emotions 
at the same time, or that the precise emotion was not available on the 
emotion-face-clock.   

The Sad excerpt appears to be mixed with Calm for the same reasons 
(co-existence of emotions or precision of the measure).  While the 
Calm face received fewer votes than the Sad face, the votes for Calm 
peak at around the 10th second (15 votes received over the time period 
9.6 to 10.8s) of the Sad except.  The excerpt is in a minor mode, 
opening with an oboe solo accompanied by sustained string chords and 
harp arpeggios.  At around the 15th second (peaking at 18 votes over the 
time period 15.0 to 15.64s) the number of votes for Calm face begin to 
decrease and the votes for the Sad face peak.  Hence, some participants 
find the orchestration and arch shaped melody in the oboe more calm 
than sad, until some additional information is conveyed in the musical 
signal (at around the 14th second), they remain on Calm.  At the 10th 
second of this excerpt the oboe solo ends, and strings alone play, with 
cello and violin coming to the fore, with some portamento (sliding 
between pitches).  These changes in instrumentation may have 
provided cues for participants to make the calm to sad shift after a 
delay of a few seconds [43]. 

Thus a plausible interpretation of the mixed responses is that 
participants have different interpretations of the various emotions 
expressed, and the emotion represented by the GUI faces.  However, 
the changes in musical structure are sufficient to explain a change in 
response.  What is important here, and as we have argued elsewhere, is 
that the difference between emotions is (semantically) small [27], and 
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that musical features could be modeled to predict the overall shift away 
from calmness and further toward sadness in this example. 

 

 
Fig. 3. Time series plots for each stimulus showing stacked frequency of faces selected over 
time (see Table 1 for duration on x-axis) for the 30 participants (y-axis), with face selected 
represented by the colour code shown. Black and grey representing centre of emotion-face-
clock (where all participants commence continuous rating task) and anywhere else respectively.   
Note that the most dominant colour (the most frequently selected face across participants and 
time) match with the target emotion of the stimulus.  
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6   Conclusions 

In this paper we reported the development and testing of a categorical 
response interface consisting of a small number of salient emotional 
expressions upon which participants can rate emotions as a piece of 
music or other stimulus unfolds. We developed a small set of key 
emotional expression faces found in music research, and arranged them 
into a circle such that they were meaningfully positioned in space, and 
such that they resembled traditional valence-arousal rating scale 
interfaces (positive emotions toward the right, high arousal emotions 
toward the top).  We called the response space an emotion-face-clock 
because the faces progressed around a clock in such a way that the 
expressions changed in a semantically related and plausible manner. 

The interface was then tested using particular pieces that expressed 
the emotions intended to represent each of the six faces.  The system 
was successful in measuring emotional ratings in the manner expected.  
The post-performance ratings used in an earlier study had profile 
contours that matched the profile contours of the accumulated summary 
of continuous response in the new device for all but the Angry stimulus.  
We took this as evidence for the reliability and validity of the emotion-
face-clock as a self-report continuous measure of emotion. 

Continuous response plots allowed investigation of the ebb and flow 
of ratings, demonstrating that for some pieces two emotions were 
dominant (the target Angry and target Sad excerpts in particular), but 
that the composition of the emotions changed over time, and that the 
change could be attributed to changes in musical features. 

Further analysis will reveal whether musical features can be used to 
predict categorical emotions in the same way that valence/arousal 
models do (for a review, see [4]), or whether six emotion faces is 
optimal.  Given the widespread use of categorical emotions in music 
metadata [47, 48], the categorical, discrete approach to measuring 
continuous emotional response is bound to be a fruitful tool for 
researchers interested in automating emotion in music directly into 
categorical representations. 

 
Acknowledgments. This research was funded by the Australian 
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Abstract. This paper reports on an experiment into musical expressivity in 

which participants were asked to rate a number of short music pieces along 

three dimensions correlated with emotional states; valence, power and freedom. 

Results showed positive correlations between valence and the musical variables 

of dissonance and noise saturation, as well as between power and the musical 

variables of note sustain, tempo and reverb. More equivocal results were found 

for the dimension of freedom, and the musical variable of pitch height. 

Keywords: Music, emotion, dimensions, valence, power, freedom, dissonance 

1   Introduction 

Continuous rating studies, in which participants are tasked to provide temporally 

continuous judgements of a phenomenon, are now frequently used to investigate 

correlations between musical features and emotional states [9], [11], [14], [18], (see 

also [6], [15] for reviews). Such studies have a distinct advantage over those which 

seek only summary judgements of expressive content since it is clear that the 

temporally varying nature of music is one of the main reasons it excels in the 

expression of emotions, and subtle variations as pieces progress can have dramatic 

effects on our sense of emotional content. It is a further advantage to utilize 

judgements of specific aspects of emotions, rather than simple emotion labels (i.e. 

‘happy’, ‘sad’) both because such emotion labels are too general to guarantee their 

common understanding amongst multiple participants, and because pieces of music 

do not only become more or less sad, but reveal inflections on those emotions in 

much more subtle ways [17], [10]. As such the current study extends the continuous 

ratings approach to some new musical and emotional variables.  

2   Emotional Dimensions 

Typically continuous rating studies employ a model of emotions based on the two 

dimensions of valence and arousal, made popular by James Russell and Lisa Barrett 

[1], [13]. This model is widely recognized by psychologists and other scientists 

working in emotion related studies as a useful way to quantify emotions. Yet while 

we agree that the model is convenient to use, we note that it has several conceptual 

and practical limitations that encourage the use of alternative models, at least as a 

basis of comparison. Fontaine et al. [4] use factor analysis to show that at least 4 

dimensions (which they label valence, arousal, power and certainty) must be used to 

9th International Symposium on Computer Music Modelling and Retrieval (CMMR 2012) 
19-22 June 2012, Queen Mary University of London 
All rights remain with the authors.



2         Tom Cochrane et al. 

 

differentiate widely used emotion features (such as behavioural and feeling reports), 

while Cochrane [2] emphasizes that the dimensions of arousal and valence are not 

independent of one another, and therefore restrict the affective ‘space’ that can be 

effectively mapped. Moreover, valence and arousal are not capable of distinguishing 

even some of the most common negative emotions such as anger, panic and disgust. 

Often a third dimension of ‘power’ or ‘control’ is recognized in emotion theories, 

and so this dimension has been used here as an alternative to arousal. Cochrane [2] 

also advocates the use of the dimension of ‘freedom’, since it is ambiguous whether 

power refers to a state of great strength or energy, or the ability to do what one wants. 

In common emotion episodes such as anger, these two aspects can be distinguished, 

since anger is typically a state of great strength or energy, while also involving a 

sense of constraint. In contrast, an emotion like joy may involve a sense of both great 

power and freedom. As such a dimension of freedom, specified here as the openness 

of the world to one’s goals, is an important aspect of emotional experience and 

behaviour and may be usefully applied to our judgements of musical expressivity. At 

any rate, the use of additional dimensions against which to rate musical samples helps 

to provide a control for ratings along more popularly used dimensions. 

Overall then, three dimensions of valence, power and freedom were employed in 

this study. Care was also taken to ensure that participants are provided with clear 

definitions of these dimensions (reproduced in table 1 below). 

Table 1.  Definitions of the emotion dimensions used in this study, as provided to participants.1  

Dimension Definition provided 

Valence 

 

 

 

Freedom 

 

 

 

 

Power 

By ‘positive’ and ‘negative’ character we mean whether the 

music sounds like a good/bad or pleasant/unpleasant feeling or 

seems to go with a situation that one would approach or avoid. 

 

By ‘free’ we mean whether the music sounds like a feeling of 

being able to do things or being open to the world as opposed to 

'constrained' where one feels blocked or prevented from acting 

or shut off from the world. 

 

By ‘powerful’ and ‘weak’ we mean whether the music sounds 

like a feeling of energy/lack of energy or strength/weakness or 

seems to go with a situation where one is powerful or weak. 

   

3   Method 

A flash-based programme was developed by Olivier Rosset, enabling participants to 

provide continuous ratings of a short piece of music along a single specified 

dimension. Such a single dimension rating system contrasts with that of Nagel [12] 

and others, which tasks participants to rate two dimensions simultaneously, but which 

may not be practical when employing independent and non-standard dimensions, as in 

this study. Use of flash also allows participants to perform the study online. In this 

case participants used the computer mouse to adjust the vertical height of a line which 

                                                           
1 These definitions were also translated into French by Kim Torres Eliard, though in the end 

only 3 francophone participants were enlisted. The translated text is available on request. 
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demonstrating that important evidences in genre-mood and artist-mood rela-
tionships could be used in the development of a more succinct dataset of “mood-
spaces” that minimizes redundant problems in emotional terms.

Within this context, the paper aims at contributing to the existing investiga-
tion of how music genres can be related with mood and thus establish comple-
mentary descriptors that can be used to improve current applications of music
information retrieval systems. Our method is applied to MIDI files and based
on derived temporal configuration patterns in the melodies of songs, also known
as motifs. We analyse the presence of tonal and rhythmic motifs, demonstrating
that they can be linked to the way we describe or feel a specific genre. Our mo-
tivation for analyzing the melodies is associated with the fact that the melody
is one of the first music aspects that make us recognize a song. In addition, it is
the contour of a melody what we usually first memorize from a song [5].

The remainder of the paper is organized as follows. Section 2 describes the
method and the used dataset. Section 3 dwells the principal results and discus-
sion. Finally, Section 4 presents the concluding remarks.

2 Methods

The proposed method is summarized in Figure 1 and detailed in the following.

Blues 

Samples

MIDI Database

Melody Extraction

Country 

Samples

Dance 

Samples

Bossa-Nova

Samples

Pop-rock 

Samples

Punk 

Samples

Rap

Samples

Reggae 

Samples

Note as absolute pitch
(C5 <> C6) Duration

Motifs Identification

Dynamic and Mood Analysis

Fig. 1. The proposed method. After selecting MIDI songs from different genres, the
voice related to the melody is extracted and represented by a vector of absolute pitches
and by a vector of the note values. Absolute pitches are indicated as MIDI numbers.
For example, C5 is 72 and C4 is 60. Note values are represented as relative durations
(e.g. the eighth note takes the value 0.5 and the quarter note takes the value 1).

2.1 Data Description

Our database consists of eight music genres, namely, blues (34 songs), country
(30 songs), dance (29 songs), bossa-nova (Brazilian music, 29 songs), punk (40
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songs), pop/rock (39 songs), rap (5 songs), and reggae (12 songs). These genres
are widely known and relatively easy to obtain as MIDI files in the Internet
with a reasonable quality. We chose to use symbolic representation because it
is a compact representation. Specially, the MIDI format offers the possibility of
separating the melody voice, providing a deep analysis of the music elements.

To edit the MIDI files, the Sibelius software was used together with the free
Midi Toolbox for Matlab computing environment [6]. The voice related to the
melody (or singing voice) was extracted in each song and represented as a note
matrix. Each column of the note matrix contains information about quantities
such as the relative duration (in beats), MIDI channel, MIDI pitch, or intensity.

We propose to analyse the temporal patterns in the melody following two
different procedures: considering the absolute pitch (AP), and the relative note
value of the pitches (NV). For the AP representation the pitches are the events,
for example, C4, D4, F#4, C5, D5 and so on. For the NV case, each event
represents one possible note value, such as half note, quarter note, or eighth note.
The relative note value is represented in this matrix through relative numbers
(for example, 1 for quarter note, 0.5 for eighth note, 0.25 for sixteenth note and
so on). In order to deal with possible fluctuations in tempo, we deactivated an
option in Sibelius called “Live Playback”. In this way, the note values in the
MIDI file preserve their relative proportion (e.g., the eighth note is always 0.5).

To illustrate the idea, Figure 2 shows part of the melody of the song “From
me to you” (The Beatles). The respective AP and NV vectors are also presented.

Fig. 2. An example of the representation of the melody of the song “From me to you”
(The Beatles) using the AP (absolute pitch) and NV (note value) vectors.

2.2 Finding the Motifs

Music motifs (also known as “motives”) are fundamental in music compositions.
Basically, there are two forms of constructing music motifs: keeping the tonal
sequence and changing the rhythmic structure; or keeping the rhythmic sequence
and changing the tonal sequence. We consider both cases in this work. Due to
repetitions and returns in popular music, it is also possible to find motifs that
retain tonal and rhythmic sequences at the same time.

Our approach to find the tonal and rhythmic motifs in the melodies is rel-
atively straightforward. In order to exemplify the idea, consider the AP vector
from the melody in Figure 2. In the first step, we iteratively compare the AP
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vector with shifted versions of itself. The comparison is done note by note, as
illustrated in Table 1. The size of the motif is determined by the number of notes
in the original vector that coincide with those in the shifted vector. For each shift
degree, we count how many times motifs of different sizes occur. Table 1 shows
that shifting this sequence by a lag of two results in three motifs of size one;
while shifting by a lag of eight results in one motifs of size four, representing the
main tonal and rhythmic motif of the adopted example.

AP vector 60 62 64 62 60 62 62 57 60 62 64 62 60 72 72 71
shift size 1 - 60 62 64 62 60 62 62 57 60 62 64 62 60 72 72

match - F F F F F T F F F F F F F T F

AP vector 60 62 64 62 60 62 62 57 60 62 64 62 60 72 72 71
shift size 2 - - 60 62 64 62 60 62 62 57 60 62 64 62 60 72
matches - - F T F T F F F F F T F F F F

...
AP vector 60 62 64 62 60 62 62 57 60 62 64 62 60 72 72 71
shift size 8 - - - - - - - - 60 62 64 62 60 62 62 57
matches - - - - - - - - T T T T T F F F

Table 1. Examples of tonal motifs for the melodic sequence in Figure 2.

This process establishes a matrix that we denote as APM with rows and
columns representing the shift iterations and the quantity of motifs of different
size, respectively. For example, the entry APM(1,3) indicates how many motifs of
size three occurred when the AP vector was shifted by a lag of size one. Finally,
by calculating the average value of each column in this matrix, we obtain the
average frequency that motifs of different sizes occurred in the melody of the
corresponding song. Small motifs will not be used in our analysis since they do
not necessarily represent a relevant repetitive patterns and are expected to have
a highly random character. We arbitrarily consider motifs of size five or higher.

NV duration vector 0.5 0.5 0.5 0.5 1 0.5 1 0.5 3 0.5 0.5 0.5 0.5 1 0.5 1 0.5 3
shift size 1 - 0.5 0.5 0.5 0.5 1 0.5 1 0.5 3 0.5 0.5 0.5 0.5 1 0.5 1 0.5

match - T T T F F F F F F T T T F F F F F

NV duration vector 0.5 0.5 0.5 0.5 1 0.5 1 0.5 3 0.5 0.5 0.5 0.5 1 0.5 1 0.5 3
shift size 2 - - 0.5 0.5 0.5 0.5 1 0.5 1 0.5 3 0.5 0.5 0.5 0.5 1 0.5 1
matches - - T T F T T T F T F T T F T T T F

...
NV duration vector 0.5 0.5 0.5 0.5 1 0.5 1 0.5 3 0.5 0.5 0.5 0.5 1 0.5 1 0.5 3

shift size 9 - - - - - - - - - 0.5 0.5 0.5 0.5 1 0.5 1 0.5 3
matches - - - - - - - - - T T T T T T T T T

Table 2. Examples of rhythmic motifs for the melodic sequence in Figure 2.

The rhythmic motifs are obtained following the same idea. Table 2 demon-
strates comparisons for the Beatles’ melody shown in Figure 2. Comparison of
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Table 2 with Table 1 reveal that the information from rhythmic motifs differs
from that brought by the analysis of tonal motifs. Shifting the sequence by a lag
of nine, it is possible to find the main rhythmic motif of the sequence.

3 Results and Discussion

The presence of motifs was analised for each one of the eight genres. We first
investigate whether or not the songs from different genres can be discriminated
by the frequency of repeated tonal or rhythmic motifs in their melodies. We then
explore the association of motifs with positive or negative emotions based on the
link between music factors (rhythm, melody, and musical form) and emotions
proposed in [11] (see summary in Table 3).

Rhythm Regular/smooth happiness, dignity, majesty, peacefulness
Irregular/complex amusement, uneasiness, anger

Flowing/fluent happy/gay, graceful, dreamy.

Melody Wide melodic range joy, uneasiness
Narrow melodic range sad, sentimental, delicate

Stepwise motion dullness

Musical form High complexity tension, sadness
Low complexity joy, peace, relaxation

Table 3. Expression of emotions according to different music factors: rhythm, melody
and musical form [11].

As described earlier, we calculate the quantity of tonal and rhythmic motifs
from different sizes for each genre. The tonal motifs bring information about
the tonal contour of the melody. Predictable or modular melodies have constant
contours, with many repeated parts. On the other hand, more dynamic contours
are usually encountered in melodies with motifs that do not have a high degree of
repetition. Figure 3 illustrates the countour of two different melodies, represent-
ing the genres blues and rap. While the rap melody is significantly regular, the
blues melody is more dynamic and has many variations in the repeated parts.

The rhythmic contour of the melodies brings different information. Figure
4 presents the same examples as in Figure 3. The rhythmic structure in blues
is significantly dynamic. Rap has a more regular rhythmic pattern, but it is
interesting to note that the dynamics of its rhythmic contour differs from its
tonal counterpart. Thus, we propose to link both aspects in order to correlate
genre and mood. The mood annotations for the genres analysed in this work
were mainly obtained from the All Music Guide site [7].

Figure 5 (a) and Figure 5 (b) show, respectively, the analysis for the tonal and
rhythmic motifs. In both cases, we plotted the motif sizes against the average
quantity of times it appears for each genre.
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(a) (b)

Fig. 3. The AP vector of two melodies. (a) A blues melody by the music Sweet Sixteen
by BB King and (b) A rap melody by the music B-Boys and Flygirls by Bomfunk MCs.

(a) (b)

Fig. 4. The NV vector for the melodies in Figure 3.

Fig. 5. The configuration of (a) tonal and (b) rhythmic motifs in the melodies of the
music genres.
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Rap has the higher quantity of tonal motifs, and the second higher quantity
of rhythmic motifs. According to [8], rap is known by its chanted rhyming lyrics
and regular flow. Rap artists generally receive mood annotations like cheerful,
fun, exciting, harsh and angry. When compared to Table 3, the annotations agree
with regular rhythm and flowing. Rapping consists of mainly three componentes:
content, flow, and delivery [8]. “Flow” is related to the rhythm and rhyme aspects
and how they interact, while “delivery” contains elements like pitch, timbre
and volume and it is more related to the melody or the form the rap is sung.
This may explain why rap has the second highest quantity of rhythmic motifs,
differing from tonal motifs, since the tonal motifs mainly represents the spoken
characteristic of the genre. The delivery may contain more irregular components,
which may contribute to the negative annotations. Rap was influenced by reggae
[8]. They share common characteristics like the syncopated and regular rhythms.
The melody of reggae is characterised by a simple feel and sense of phrasing [7].
This agrees with the results, since reggae is the second higher in presence of
tonal motifs and the third higher in the presence of rhythmic motifs. Common
annotations for reggae albums are relaxing, restrained and soothing.

Dance is the most rhythmically repetitive genre in the results. While the tonal
sequence may present some variations, dance music has a defined rhythmic beat.
This is in agreement with the mood annotations found in [7] such as energetic,
happiness and lively. The constancy and modularity in dance music determines
its intrinsic attribute: a steady rhythm that stimulates body movements.

Blues and country genres usually do not aggregate many repeated motifs in
their melodies, either in tonal or rhythmic aspects. Both genres receive anno-
tations like complex, sophisticated, sentimental and stylish. Country and blues
share similar themes and songs, since blues was a stylistic origin of country. The
melodies of both genres are characterized by the selection of specific notes (for
instance, the flattened third, fifth and seventh) and narrow melodic sequences
[10]. This contributes for annotations like sentimental or melancholily. Country
songs are formed in simple chords and a plain melody, but these basic forms al-
low a substantial range of variations and different styles, from resolved patterns
to improvisations [7]. This is reflected in the results, since country and blues
have a small quantity of repeated motives when compared to the other genres.

Rock music has a defined rhythmic structure but it is usually more dynamic
than, for example, dance. Common annotations for rock albums are: energetic,
ambitious and exciting. Although referred here as a genre, punk is also known
as a rock style, with basic chords progressions and simple melody (played in
a louder and faster manner [7]). This is reflected in the results, mainly in the
rhythmic analysis of the melody, since punk seems to have a considerable number
of rhythmic motifs.

Bossa-nova is a kind of Brazilian music originated from jazz and samba. It
is harmonically complex, but its melodies have a constant rhythm [10]. This
explains why it is similar to rock when analyzing the rhythmic motifs. However,
the lyrics in bossa-nova are usually richer than in rock in terms of tonal variations
[10], an aspect well captured by our results regarding the tonal motifs.
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4 Concluding Remarks

We proposed a link between music genre and mood using the presence of melodic
motifs in the songs. The melody or vocal track is extracted from MIDI files and
represented by a vector of note pithes and note values. We derived a method to
identify tonal and rhythmic motifs in each melody and relate the frequency of
their occurrence to mood notions. For validation purposes, we collected mood
annotations from artists in our dataset using the All Music Guide site [7].

Genres like rap, dance, reggae and rock, known for their constant rhythmic
patterns were found to have a higher quantity of motifs in their melody. Blues
and country confirmed their fame to be “more sophisticated” genres, since it is
not common to find many motifs that are fully repeated. We expect that such
kind of information can help to improve music-content classification systems.

This work represents the first steps of a deeper study which will include a
more complete examination of genres and other evaluation methods. In principle,
it would be relatively straightforward to include other characteristics of songs in
our analysis, such as rhythm of the percussion tracks and instrumentation.

Acknowledgments. Debora C Correa thanks Fapesp financial support under
process 2009/50142-0. Luciano da F. Costa thanks CNPq and Fapesp financial
support under processes 301303/06-1 and 573583/2008-0, respectively.
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Abstract. Music appears to deeply affect emotional, cerebral and phys-
iological states, and its effect on stress and anxiety has been established
using a variety of self-report, physiological, and observational means.
Yet, the relationship between specific musical parameters and emotional
responses is still not clear. One issue is that precise, replicable and in-
dependent control of musical parameters is often difficult to obtain from
human performers. However, it is now possible to generate expressive mu-
sical material such as pitch, velocity, articulation, tempo, scale, mode,
harmony and timbre using synthetic music systems. In this study, we
use a synthetic music system called the SMuSe, to generate a set of well-
controlled musical stimuli, and analyze the influence of musical structure,
performance variations and timbre on emotional responses.The subjec-
tive emotional responses we obtained from a group of 13 participants
on the scale of valence, arousal and dominance were similar to previous
studies that used human-produced musical excerpts. This validates the
use of a synthetic music system to evoke and study emotional responses
in a controlled manner.

Keywords: music-evoked emotion, synthetic music system

1 Introduction

It is widely acknowledged that music can evoke emotions and synchronized reac-
tions of experiential, expressive and physiological components of emotion have
been observed while listening to music [1]. A key question is how musical pa-
rameters can be mapped to emotional states of valence, arousal and dominance.
In most of the cases, studies on music and emotion are based on the same
paradigm: one measures emotional responses while the participant is presented
with an excerpt of recorded music. These recordings are often extracted from
well-known pieces of the repertoire and interpreted by human performers who
follow specific expressive instructions. One drawback of this methodology is that
expressive interpretation can vary quite a lot from one performer to another,
which compromises the generality of the results. Moreover, it is difficult, even

9th International Symposium on Computer Music Modelling and Retrieval (CMMR 2012) 
19-22 June 2012, Queen Mary University of London 
All rights remain with the authors.
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for a professional musician, to accurately modulate one single expressive dimen-
sion independently of the others. Many dimensions of the stimuli might not be
controlled for. Besides, pre-made recordings do not provide any control over the
musical content and structure.

In this paper, we propose to tackle these limitations by using a synthetic
composition system called the SMuSe [2,3] to generate stimuli for the experi-
ment. The SMuSe allows to generate synthetic musical pieces and to modulate
expressive musical material such as pitch, velocity, articulation, tempo, scale,
mode, harmony and timbre. It provides accurate, replicable and independent
control over perceptually relevant time-varying dimensions of music.

Emotional responses to music most probably involve different types of mech-
anisms such as cognitive appraisal, brain stem reflexes, contagion, conditioning,
episodic memory, or expectancy [4]. In this study, we focused on the direct rela-
tionship between basic perceptual acoustic properties and emotional responses
of a reflexive type. As a first approach to assess the participants’ emotional re-
sponses, we looked at their subjective responses following the well-established
three dimensional theory of emotions (valence, arousal and dominance) illus-
trated by the Self Assessment Manikin (SAM) scale [5,6].

2 Methods

2.1 Stimuli

This experiment investigates the effects of a set of well-defined musical param-
eters within the three main musical determinants of emotions, namely struc-
ture, performance and timbre. In order to obtain a well-parameterized set of
stimuli, all the sound samples were synthetically generated. The composition
engine SMuSe1 allowed the modulation of macro-level musical parameters (con-
tributing to structure, expressivity) via a graphical user interface [2,3], while the
physically-informed synthesizer PhySynth2 allowed to control micro-level sound
parameters [7] (contributing to timbre). Each parameter was considered at three
different levels (Low, Medium, High). All the sound samples3 were 5 s. long
and normalized in amplitude with the Peak Pro4 audio editing and processing
software. .

Musical Structure: To look at the influence of musical structure on emotion,
we focused on two simple but fundamental structural parameters namely register
(Bass, Tenor and Soprano) and mode (Random, C Minor, C Major ). A total of
9 sound samples (3 Register * 3 Mode levels) were generated by SMuSe (Figure
1).

1 http://goo.gl/Vz1ti
2 http://goo.gl/zRLuC
3 http://goo.gl/5iRM0
4 http://www.bias-inc.com/
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Bass

Random Minor Major

Tenor Soprano

Fig. 1. Musical structure samples: Register and Mode are modulated over 9 se-
quences (3*3 combinations)

Expressivity Parameters: Our study of the influence of musical performance
parameters on emotion relies on three expressive parameters, namely tempo, dy-
namics, and articulation that are commonly modulated by live musicians during
performance. A total of 27 sound samples (3 Tempo * 3 Dynamics * 3 Articula-
tion) were generated by SMuSe (Figure 2).

Lento
(50 BPM)

Piano
 (36)

Mezzo Forte
 (80)

Forte
 (100)

Moderato
(100 BPM)

Presto
(200 BPM)

Staccato
 (0.3)

Regular
 (1)

Legato
 (1.8)

Fig. 2. Musical performance samples: 3 performance parameters were modulated
over 27 musical sequences (3*3*3 combinations of Tempo (BPM), Dynamics (MIDI
velocity value) and Articulation (duration multiplication factor) levels).

Timbre: For timbre, we focused on parameters that relate to the three main
dimension of timbre namely brightness (controlled by tristimulus value), attack-
time and spectral flux (controlled by damping). A total of 27 sound samples (3
Attack Time * 3 Brightness * 3 Damping) were generated by PhySynth (Figure
3). For a more detailed description of the timbre parameters, refer to [7].
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Short 
(1 ms)

Dull
 (T1)

Regular
 (T2)

Bright
 (T3)

Medium 
(50 ms)

Long 
(150 ms)

Low
 (-1.5)

Medium
 (0)

High
 (1.5)

Fig. 3. Timbre samples: 3 timbre parameters are modulated over 27 samples (3*3*3
combinations of Attack (ms), Brightness (tristimulus band), Damping (relative damp-
ing α)). The other parameters of PhySynth were fixed: decay=300ms, sustain=900ms,
release=500ms and global damping αg = 0.23.

2.2 Procedure

We investigated the influence of different sound features on the emotional state of
the patients using a fully automated and computer-based stimulus presentation
and response registration system. In our experiment, each subject was seated in
front of a PC computer with a 15.4” LCD screen and interacted with custom-
made stimulus delivery and data acquisition software called PsyMuse5 (Figure
4) made with the Max-MSP 6 programming language [8]. Sound stimuli were
presented through headphones (K-66 from AKG).

At the beginning of the experiment, the subject was exposed to a sinusoidal
sound generator to calibrate the sound level to a comfortable level and was ex-
plained how to use PsyMuse’s interface (Figure 4). Subsequently, a number of
sound samples with specific sonic characteristics were presented together with
the different scales (Figure 4) in three experimental blocks (structure, perfor-
mance, timbre) containing all the sound conditions presented randomly.

For each block, after each sound, the participants rated the sound in terms
of its emotional content (valence, arousal, dominance) by clicking on the SAM
manikin representing her emotion [6]. The participants were given the possibil-
ity to repeat the playback of the samples. The SAM 5 points graphical scale
gave a score (from 0 to 4) where 0 corresponds to the most dominated, aroused
and positive and 4 to the most dominant, calm and negative (Figure 4). The
data was automatically stored into a SQLite7 database composed of a table for
5 http://goo.gl/fx0OL
6 http://cycling74.com/
7 http://www.sqlite.org/
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Fig. 4. The presentation software PsyMuse uses the SAM scales (axes of Domi-
nance, Arousal and Valence) [6] to measure the participant’s emotional responses to a
database of sounds.

demographics and a table containing the emotional ratings. SPSS8 (from IBM)
statistical software suite was used to assess the significance of the influence of
sound parameters on the affective responses of the subjects .

2.3 Participants

A total of N=13 university students (5 women, Mage = 25.8, range=22-31) with
normal hearing took part in the pilot experiment. The experiment was conducted
in accordance with the ethical standards laid down in the 1964 Declaration of
Helsinki9. Six of the subjects had musical background ranging from two to seven
years of instrumental practice.

3 Results

The experiment followed a blocked within-subject design where for each of the
three block (structure, performance, timbre) every participant experienced all
the conditions in random order.

3.1 Musical Structure

To study the emotional effect of the structural aspects of music, we looked at two
independent factors (register and mode) with three levels each (soprano, bass,
tenor and major, minor, random respectively) and three dependent variables
(Arousal, Valence, Dominance). The Kolmogorov-Smirnov test showed that the
8 http://www.spss.com/
9 http://www.wma.net/en/30publications/10policies/b3/index.html
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data is normally distributed. Hence, we carried a Two-Way Repeated Measure
Multivariate Analysis of Variance (MANOVA).

The analysis showed a multivariate effect for the mode ∗ register interaction
V (12, 144) = 1.92, p < 0.05. Mauchly tests indicated that assumption of spheric-
ity is met for the main effects of register and mode as well as for the interaction
effect. Hence we did not correct the F-ratios for follow-up univariate analysis.

Follow-up univariate analysis revealed an effect of register on arousal
F (2, 24) = 2.70, p < 0.05 and mode on valence F (2, 24) = 3.08, p < 0.05 as
well as a mode ∗ register interaction effect on arousal F (4, 48) = 2.24, p < 0.05,
dominance F (4, 48) = 2.64, p < 0.05 and valence F (4, 48) = 2.73, p < 0.05 (Cf.
Table 1).

ANOVAs
Register Mode Register *

Mode
Arousal F(2,24)=2.70,

*p<.05
NS F(4,48)=2.238,

*p<0.05
Valence NS F(2, 24)=3.079,

*p<0.05
F(4,48)=2.636,

*p<0.05
Dominance NS NS F(4,48)=2.731,

*p<0.05

Table 1. Effect of mode and register on the emotional scales of arousal, valence
and dominance: statistically significant effects.

A post-hoc pairwise comparison with Bonferroni correction showed a signifi-
cant mean difference of -0.3 between High and Low register and of -0.18 between
High and Medium on the arousal scale (Figure 5 B). High register appeared
more arousing than medium and low register.

A pairwise comparison with Bonferroni correction showed a significant mean
difference of -0.436 between random and major (Figure 5 A). Random mode was
perceived as more negative than major mode.
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Fig. 5. Influence of structural parameters (register and mode) on arousal
and valence. A) A musical sequence played using random notes and using a minor
scale is perceived as significantly more negative than a sequence played using a major
scale. B) A musical sequence played in the soprano range (respectively bass range)
is significantly more (respectively less) arousing than the same sequence played in the
tenor range. Estimated Marginal Means are obtained by taking the average of the
means for a given condition.

The interaction effect between mode and register suggests that the random
mode has a tendency to make a melody with medium register less arousing
(Figure 6, A). Moreover, the minor mode tended to make high register more
positive and low register more negative (Figure 6, B). The combination of high
register and random mode created a sensation of dominance (Figure 6, C).

3.2 Expressive Performance Parameters

To study the emotional effect of some expressive aspects of music during perfor-
mance, we decided to look at three independent factors (Articulation, Tempo,
Dynamics) with three levels each (high, low, medium) and three dependent vari-
ables (Arousal, Valence, Dominance). The Kolmogorov-Smirnov test showed that
the data was normally distributed. We did a Three-Way Repeated Measure Mul-
tivariate Analysis of Variance.

The analysis showed a multivariate effect for Articulation V (4.16, 3) < 0.05,
Tempo V (11.6, 3) < 0.01 and dynamics V (34.9, 3) < 0.01. No interaction
effects were found.

Mauchly tests indicated that the assumption of sphericity was met for the
main effects of articulation, tempo and dynamics on arousal and valence but not
dominance. Hence we corrected the F-ratios for univariate analysis for dominance
with Greenhouse-Geisser.
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Fig. 6. Structure: interaction between mode and register for arousal, valence
and dominance. A) When using a random scale, a sequence in the tenor range (level
3) becomes less arousing B) When using a minor scale , a sequence played within the
soprano range becomes the most positive. C) When using a random scale, bass and
soprano sequences are the most dominant whereas tenor becomes the less dominant.

ANOVAs
Articulation Tempo Dynamics

Arousal F(2,24)=6.77,
**p<0.01

F(2,24)=27.1,
***p<0.001

F(2,24)=45.78,
***p<0.001

Valence F(2,24)=7.32,
**p<0.01

F(2, 24)=4.4,
*p<0.05

F(2,24)=19,
***p<0.001

Dominance NS F(1.29,17.66)=8.08,
**p<0.01

F(2,24)=9.7,
**p<0.01

Table 2. Effect of articulation, tempo and dynamics on self-reported emotional
responses on the scale of valence, arousal and dominance: statistically significant effects.
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Arousal Follow-up univariate analysis revealed an effect of articulation F (6.76, 2) <
0.01, tempo F (27.1, 2) < 0.01, and dynamics F (45.77, 2) < 0.05 on arousal
(Table 2).

A post-hoc pairwise comparison with Bonferroni correction showed a sig-
nificant mean difference of 0.32 between the articulation staccato and legato
(Figure 7 A). The musical sequence played staccato was perceived as more arous-
ing.

A pairwise comparison with Bonferroni correction showed a significant mean
difference of -1.316 between high tempo and low tempo and -0.89 between high
and medium tempo (Figure 7 B). This shows that a musical sequence with higher
tempi was perceived as more arousing.

A pairwise comparison with Bonferroni correction showed a significant mean
difference of -0.8 between forte and piano dynamics, -0.385 between forte and
regular and 0.41 between piano and regular (Figure 7 C). This shows that a
musical sequence played at higher dynamics was perceived as more arousing.
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Fig. 7. Effect of performance parameters (Articulation, Tempo and Dynam-
ics) on Arousal. A) A sequence played with articulation staccato is more arousing
than legato B) A sequence played with the tempo indication presto is more arousing
than both moderato and lento. C) A sequence played forte (respectively piano) was
more arousing (respectively less arousing) than the same sequence played mezzo forte.
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Valence Follow-up univariate analysis revealed an effect of articulation F (7.31, 2) <
0.01, tempo F (4.3, 2) < 0.01, and dynamics F (18.9, 2) < 0.01 on valence (Ta-
ble 2)

A post-hoc pairwise comparison with Bonferroni correction showed a sig-
nificant mean difference of -0.32 between the articulation staccato and legato
(Figure 7 A). The musical sequences played with shorter articulations were per-
ceived as more positive.

A pairwise comparison with Bonferroni correction showed a significant mean
difference of 0.48 between high tempo and medium tempo (Figure 8 B). This
shows that sequences with higher tempi tended be perceived as more negatively
valenced.

A pairwise comparison with Bonferroni correction showed a significant mean
difference of 0.77 between high and low dynamics and -0.513 between low and
medium. (Figure 8 C). This shows that musical sequences played with higher
dynamics were perceived more negatively.
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Fig. 8. Effect of performance parameters (Articulation, Tempo and Dynam-
ics) on Valence. A) A musical sequence played staccato induce a more negative
reaction than when played legato B) A musical sequence played presto is also inducing
a more negative response than played moderato. C) A musical sequence played forte
(respectively piano) is rated as more negative (respectively positive) than a sequence
played mezzo forte.
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Dominance Follow-up univariate analysis revealed an effect Tempo F (8, 2) <
0.01, and dynamics F (9.7, 2) < 0.01 on valence (Table 2).

A pairwise comparison with Bonferroni correction showed a significant mean
difference of -0.821 between high tempo and low tempo and -0.53 between high
tempo and medium tempo (Figure 9 A). This shows that sequences with higher
tempi tended to make the listener feel dominated.

A pairwise comparison with Bonferroni correction showed a significant mean
difference of -0.55 between high and low dynamics and 0.308 between low and
medium (Figure 9 B). This shows that when listening to musical sequences played
with higher dynamics, the participants felt more dominated.
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Fig. 9. Effect of performance parameters (Tempo and Dynamics) on Dom-
inance. A) A musical sequence played with a tempo presto (repectively lento) is
considered more dominant (respectively less dominant) than played moderato B) A
musical sequence played forte (respectively piano) is considered more dominant (re-
spectively less dominant) than played mezzo-forte

3.3 Timbre

To study the emotional effect of the timbral aspects of music, we decided to look
at three independent factors known to contribute to the perception of Timbre
[9,10,11] (Attack time, Damping and Brightness) with three levels each (high,
low, medium) and three dependent variables (Arousal, Valence, Dominance).
The Kolmogorov-Smirnov test showed that the data is normally distributed. We
did a Three-Way Repeated Measure Multivariate Analysis of Variance.

The analysis showed a multivariate effect for brightness V (6, 34) = 3.76, p <
0.01, damping V (6, 34) = 3.22, p < 0.05 and attack time V (6, 34) = 4.19, p <
0.01 and an interaction effect of brightness ∗ damping V (12, 108) = 2.8 < 0.01
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Mauchly tests indicated that assumption of sphericity was met for the main
effects of articulation, tempo and dynamics on arousal and valence but not dom-
inance. Hence we corrected the F-ratios for univariate analysis for dominance
with Greenhouse-Geisser.

ANOVAs
Brightness Damping Attack Brightness*

Damping
Arousal F(2,18)=29.09,

***p<0.001
F(2,18)=16.03,

***p<0.001
F(2,18)=3.54,

*p<0.05
F(4,36)=7.47,
***p<0.001

Valence F(2,18)=5.99,
**p<0.01

NS F(2,18)=7.26,
**p<0.01

F(4,36)=5.82,
**p<0.01

Dominance F(1.49,13.45)
=6.55, *p<0.05

F(1.05,10.915)
=4.7, *p<0.05

NS NS

Table 3. Effect of brightness, damping and attack on self-reported emotion on
the scales of valence, arousal and dominance: statistically significant effects.

Arousal Follow-up univariate analysis revealed the main effects of Bright-
ness F (2, 18) = 29.09 < 0.001, Damping F (2, 18) = 16.03 < 0.001, At-
tack F (2, 18) = 3.54 < 0.05, and interaction effect Brightness * Damping
F (4, 36) = 7.47, p < 0.001 on Arousal (Figure 3).

A post-hoc pairwise comparison with Bonferroni correction showed a signif-
icant mean difference between high, low and medium brightness. There was a
significant difference of -1.18 between high and low brightness, -0.450 between
high and medium and -0.73 between medium and low. The brighter the sounds
the more arousing.

Similarly significant mean difference of .780 between high and low damping
and -0.37 between low and medium damping were found. The more damped, the
less arousing.

For the attack time parameter, a significant mean difference of -0.11 was
found between short and medium attack. Shorter attack time were found more
arousing.

171



2.0

2.5

3.0

dull regular bright
brightness

ar
ou
sa
l

A
2.0

2.2

2.4

2.6

2.8

3.0
low medium high

damping

ar
ou
sa
l

B

2.4

2.5

2.6

short medium long
attack

ar
ou
sa
l

C

1.5

2.0

2.5

3.0 ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

dull regular bright
brightness

ar
ou
sa
l

damping

●●

●●

●●

low

medium

high

D

Fig. 10. Effect of timbre parameters (Brightness, Damping and Attack time)
on Arousal. A) Brighter sounds induced more arousing responses. B) Sounds with
more damping were less arousing. C) Sounds with short attack time were more arousing
than medium attack time. D) Interaction effects show that less damping and more
brightness lead to more arousal.

Valence Follow-up univariate analysis revealed main effects of Brightness
F (2, 18) = 5.99 < 0.01 and Attack F (2, 18) = 7.26 < 0.01, and interaction
effect Brightness * Damping F (4, 36) = 5.82, p < 0.01 on Valence (Figure 3).

Follow up pairwise comparisons with Bonferroni correction showed signifi-
cant mean differences of 0.78 between high and low brightness and 0.19 be-
tween short and long attacks and long and medium attacks. Longer attacks and
brighter sounds were perceived as more negative (Figure 11).
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Fig. 11. Effect of timbre parameters (Brightness, Damping and Attack time)
on Valence. A) Longer attack time are perceived as more negative B) Bright sounds
tend to be perceived more negatively than dull sounds C) Interaction effects between
damping and brightness show that a sound with high damping attenuates the negative
valence due to high brightness.

Dominance Follow-up univariate analysis revealed main effects of Brightness
F (1.49, 13.45) = 6.55, p < 0.05 and Damping F (1.05, 10.915) = 4.7, p < 0.05
on Dominance (Figure 3).

A significant mean difference of -0.743 was found between high and low
brightness. The brighter the more dominant.

A significant mean difference of 0.33 was found between medium and low
damping factor. The more damped the less dominant.

173



2.2

2.4

2.6

2.8

3.0

3.2
dull regular bright

brightness

do
m
in
an
ce

A
2.2

2.4

2.6

2.8

3.0

low medium high
damping

do
m
in
an
ce

C

Fig. 12. Effect of timbre parameters (Brightness and Damping) on Dom-
inance. A) Bright sounds are perceived as more dominant than dull sounds B) A
sound with medium damping is perceived as less dominant than low damping.

4 Conclusions

This study validates the use of the SMuSe as an “affective music engine”. The
different levels of musical parameters that were experimentally tested evoked sig-
nificantly different emotional responses. The tendency of minor mode to increase
negative valence and of high register to increase arousal (Figure 5) corroborates
the results of [12,13], and is complemented by interaction effects (Figure 6). The
tendency of short articulation to be more arousing and more negative (Figure
7 and 8) confirms results reported in [14,15,16]. Similarly, higher tempi have a
tendency to increase arousal and decrease valence (Figure 7 and 8) are also re-
ported in [14,15,12,13,17,16]. The present study also indicates that higher tempi
are perceived as more dominant (Figure 9). Musical sequences that were played
louder were found more arousing and more negative (Figure 7 and 8) which is
also reported in[14,15,12,13,17,16], but also more dominant (Figure 9). The fact
that higher brightness tends to evoke more arousing and negative responses (Fig-
ure 10 and 11) has been reported (but in terms of number of harmonics in the
spectrum) in [13]. Additionally, brighter sounds are perceived as more dominant
(Figure 12). Damped sounds are less arousing and dominant (Figure 10 and 12).
Sharp attacks are more arousing and more positive (Figure 10 and 11). Similar
results were also reported by [14]. Additionally, this study revealed interesting
interaction effects between damping and brightness (Figure 10 and 11).

Most of the studies that investigate the determinants of musical emotion use
recordings of musical excerpts as stimuli. In this experiment, we looked at the
effect of a well-controlled set of synthetic stimuli (generated by the SMuSe) on
the listener’s emotional responses. We developed an automated test procedure
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that assessed the correlation between a few parameters of musical structure, ex-
pressivity and timbre with the self-reported emotional state of the participants.
Our results generally corroborated the results of previous meta-analyses [15],
which suggests our synthetic system is able to evoke emotional reactions as well
as “real” musical recordings. One advantage of such a system for experimental
studies though, is that it allows for precise and independent control over the mu-
sical parameter space, which can be difficult to obtain, even from professional
musicians. Moreover with this synthetic approach, we can precisely quantify the
level of the specific musical parameters that led to emotional responses on the
scale of arousal, valence and dominance. These results pave the way for an in-
teractive approach to the study of musical emotion, with potential application
to interactive sound-based therapies. In the future, a similar synthetic approach
could be developed to further investigate the time-varying characteristics of emo-
tional reactions using continuous two-dimensional scales and physiology [18,19].
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Abstract. This work presents a preliminary study of timing synchro-
nization phenomena in string quartet performance. Accurate timing in-
formation extracted from real recordings is used to compare timing de-
viations in solo and ensemble performance when executing a simple mu-
sical passage. Multi-modal data is acquired from real performance and
processed towards obtaining note-level segmentation of recorded perfor-
mances. From such segmentation, a series of timing deviation analyses
are carried out at two different temporal levels, focusing on the explo-
ration of significant differences between solo and ensemble performances.
This paper briefly introduces, via an initial exploratory study, the exper-
imental framework on which further, more complete analyses are to be
carried out with the aim of observing and describing certain synchro-
nization phenomena taking place in ensemble music making.

Keywords: music performance, ensemble performance, synchronization,
timing, tempo, string quartet

1 Introduction

Music performance as the act of interpreting, structuring and physically realizing
a composition is a highly complex human activity with many facets: physical,
acoustic, physiological, psychological, social, artistic, etc. [4]. Trained musicians
are able to read and interpret a composition in the form of a music score, which
may end up conveying very different emotions depending on how it is performed,
i.e., how the content is transformed into musical sound. In fact, it is commonly
acknowledged that there is an important part of expression or meaning already
borne by the actual piece to be performed, and another part introduced by
the performer when freely navigating the space of performance resources (e.g.,
timing deviations, dynamics modulations, etc.) resulting from a combination of
praxis habits and certain constraints imposed by the structure and content of
the score [2]. In the search for exploring and understanding the process of music

? The authors would like to thank collaborators from CIRMMT, McGill University
for their support in hosting the recordings: Carolina Brum, Erika Donald, Vincent
Freour, Marcello Giordano, and Marcelo M. Wanderley.

9th International Symposium on Computer Music Modelling and Retrieval (CMMR 2012) 
19-22 June 2012, Queen Mary University of London 
All rights remain with the authors.
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performance as an accessible instance of human cognition, some researchers of
a variety of disciplines have tried to approach the challenge by looking at mu-
sic performance as a goal-directed task, considering such task as driven by the
sequence of symbolic events appearing in a music score [11].

Ensemble music performance can be regarded as one of the most closely syn-
chronized activities that human beings engage in (actions coordinated to within
small fractions of a second are considered routine even in amateur performance).
Unlike speech, musical performance is one of the few expressive activities allow-
ing simultaneous participation. As such, the potential of music as a basis for
studying basic principles of non-verbal communication and entrainment of emo-
tion is unparalleled [7]. Studies in computational modeling of music performance
have confirmed the widespread consideration of tempo and dynamics as the two
most prominent resources available for musicians to convey emotion or expres-
sion during performance [14] (e.g., by acting with creative freedom to carve
personalized and aesthetically pleasing executions), thus represeting two ma-
jor dimensions over which to extract relevant information from a performance
recording of a certain piece. In agreement with the importance of explicitly con-
sidering metric, melodic and harmonic structures of scores when approaching
the study of music performance from a computational perspective [1], previous
researchers have based their work on pairing musicological charactersitics of mu-
sical scores with performance aspects, especially timing and/or dynamics [3, 13,
15, 12]. From these two dimensions, available for ensemble musicians to coordi-
nate and successfully achieve their shared goal, a first clear choice for extracting
synchronization-related information from joint performance is to analyze how
timing modulations get synchronized in different situations (e.g., solo versus en-
semble) and different musical contexts (e.g., by accounting for score structure).

The computational study of timing synchronization among ensemble per-
formers has been approached in the past. A vast literature has been inspired by
the concept of ”participatory discrepancy” introduced in [6] by Keil. Following
the Keil’s directions, an objective measure of performer’s time discrepancies for
several bass players was out carried in [10]. However only a one-way synchro-
nization could be observed since the musicians where recorded playing solo on
top of a recorded tape. More interaction paradigms were considered in the work
by Goebl and Palmer [5], where the focus was put onto exploring the influence
of auditory feedback and musical role (e.g., leadership) on timing (note onsets)
and motion (finger and head) synchronization phenomena among duets of pi-
anists. A second relevant example of two-ways auditory/visual feedback is the
work by Moore and Chen [9], which pursued micro-timing analyses from arm
motion data acquired from two members of a string quartet while performing a
relatively difficult, yet thoroughly rehearsed task. Findings of both works showed
timing and/or motion synchronization as an essential cue for the exploration of
basic social behaviors in coordinated action.

In this paper, we present a preliminary study of timing synchronization phe-
nomena among the four members of string quartet during performance. Tim-
ing information is extracted by processing multi-modal data acquired from real
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recording (providing a note-level score-performance alignment) of the execution
of a simple musical passage that was unknown to the musicians. From annotated
note onsets and offsets, a number of timing deviation analyses are carried out
at two different temporal levels, focusing on the exploration of significant dif-
ferences between solo and ensemble performances. Rather than with the aim of
presenting a thorough study on the topic, this paper discusses an initial explo-
ration experiment while introducing the framework and methods through which
more complete and extended analyses are to be systematically carried out on a
large corpus of quartet performance recordings being constructed at the moment.

The rest of the paper is structured as follows. Sec. 2 briefly introduces the
general approach we envisioned and employed and explains what type of data
we acquire from each experiment and summarizes the techniques used for pre-
processing it. We then present some preliminary results on tempo in Sec. 3 and,
finally, discuss them in Sec. 4.

2 Experimental framework

As verified by the above literature, the subject of collaborative musical perfor-
mance is a very complex one. In order to obtain reliable results using compu-
tational means, the existence of valid hypotheses is of very high value; for that
reason, we are working on an experimental framework which will provide a set
of recordings where the studied relationships among the musicians are well de-
fined and unambiguous. The final corpus of music pieces used, which will be
detailed next, has been selected and modified using the help of a professional
string quartet performer, and will in time be recorded by a number of different
quartets.

The corpus is based on an exercise handbook for string quartets3, intended
for improving the “ensemble skills” of the quartet members. The material is
divided into six categories, with each category containing a number of short
exercises dealing with a different aspect of ensemble performance: Intonation,
Dynamics, Unity of Execution, Rhythm, Phrasing, and Tone production/Timbre.
An exercise consists of a simple, low difficulty score, together with annotations
on what is the specific goal that must be achieved by the quartet.

We record the musicians’ performance in three experimental conditions; solo
(first sight), rehearsal, and ensemble. In the first condition (solo), each musi-
cian must perform their part alone without having access to the full ensemble
score nor the instructions that accompany the exercise. In this way we wish to
eliminate any type of external influence on the performance, be it restrictions
imposed by other voices of the ensemble or instructions by the composer that are
not in relation to the individual score of the performer. In the second condition
(rehearsal) , following the solo recordings of each quartet member, the group
of musicians is provided with the full ensemble score plus the composer instruc-
tions; they are then left to rehearse the exercise alone until they are able to fulfill

3 Mogens Heimann - Exercises for the String Quartet.
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the requirements of the exercise. In the third condition (ensemble), following the
rehearsal, the quartet is finally recorded performing the exercise as a group.

In terms of data acquisition, both audio and motion capture data are recorded
for each member of the ensemble; these data streams are synchronized in real
time. Audio-wise, the individual signal from each musician is captured through
the use of piezoelectric pickups attached to the bridge of the instrument. Instru-
mental - i.e. sound-producing - gestures such as bow velocity and force are also
acquired through the use of a motion capture system, as detailed in [8].

For every recording a semi-automatic, note-level alignment between the per-
formance and the music score is performed using a dynamic programming ap-
proach, a variation of the well-known Viterbi algorithm. This approach focuses
into three main regions of each note: the note body and two transition segments
(onset and offset). Different costs are computed for each segment, using features
extracted by the audio (RMS audio energy, Fundamental frequency) as well as
the bowing features described above. Finally, the optimal note segmentation is
obtained so that a total cost (computed as the sum of the costs corresponding
to the complete sequence of note segments) is minimized. This method, which
can be seen in more detail in [8], has so far provided robust results that only in
few occasions require manual correction. Through this alignment, it is then easy
and accurate to extract detailed timing information for each performer. More
complicated information such as the dynamics, timbre or articulation of the
performance is extracted by combining the audio signal with the instrumental
gesture features.

3 Preliminary study and initial results

The objective of the study presented here is to exploit content of some prelimi-
nary experiments and formulate new hypothesis to be tested in the next set of
experiments. In this article we deal with some results arising from the experi-
ment conducted with the exercise shown in Fig. 1. The exercise consists of an
ascending and descending D major scale in thirds. The quartet is divided in two
sections (violins in the first, viola and cello in the second) one alternating with
the other. Musicians were instructed to play the score as if it was played by one
instrument. We did not impose on them further constraints such as to follow a
metronome.

For each case we recorded 4 consecutive repetition of the score (Fig. 1).
A score alignment has been executed on each of those 8 performances. The
analyzed set of data thus consists of 512 aligned onsets (64 per performance).
We also derived a joint-performance alignment consisting of 128 onsets where
for each third chord we compute an onset given by the mean of the individual
attacks of the two notes that form that chord. The goal of this exercise is self-
evident in the score. The notes within each group have to blend together while
allowing the blocks of semiquaver notes formed by each group to slot together in
a temporal order. In addition to that, the requirement of achieving a good “unity
of execution” means that the parts played by each group have to be connected
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Fig. 1. Score of the exercise employed for the experiment.

to the part of the subsequent section without disruptions in terms of tempo and
dynamics. It is also worth to notice that the slurs contained in the scores, by
requiring the musicians perform with a certain bow direction might also pose
some constraints to the synchronization process.
We divided results of the analysis into Micro- and Macro- tempo results. We
consider Macro-tempo as the tempo experienced by a listener in a relatively
long region of time, it can also change in time but rather slowly. Micro-Tempo
comprises of slight anticipations of note events followed by a deferral of the
subsequent events in a way that the result does not contribute to macro-tempo
changes.

3.1 Macro-tempo

By assuming, for a moment, the tempo to be constant when no onset occurs
we derive a bpm step function defined to be the corresponding beat per minute
value of each duration. This curve is noisy due to the differences in duration
of the notes. In order to remove high frequency content and derive an overall
tempo behavior we convolve it with a gaussian curve of variance σ > 0. From
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Fig. 2. Individual tempo curve of the four instruments for the solo (left) and the
ensemble case (center). Vertical grid lines mark the boundaries of the repetitions (full
line) and the beat start time (dashed line).The tempo curve of the joint ensemble
performance is shown on the last plot (right).

the tempo curves derived for the solo/ensemble case we find that not only the
mean tempo of the four musicians becomes the same, but also the variance of
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the tempo curve gets significantly smaller in the ensemble case. We can interpret
this result both as an indicator that the freedom of the musicians gets restricted
and as a result of the collaborative way in which the tempo is jointly shaped.
Fig. 2 shows tempo derived with σ = 1.67 for the solo/ensemble case. As it is
clear from the plots, the individual tempo curves contract to the same tempo
when the musicians play together.
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Fig. 3. Box-and-whisker diagrams showing some results in micro-tempo.

In the solo excerpts we found a relationship between the alternation of pauses
and semiquavers of each single voice and the corresponding duration of the beat.
The tempo was kept differently by the musicians in the case of a pause then in
the case of semiquavers. Also in this case we found differences from the ensemble
recordings case where the discrepancy between pause and semiquaver duration
gets smaller because of the interdependence among musicians. The results of this
analysis are shown in Fig. 3(a) by box-and-whisker diagrams. A t-test shows a
significant difference between pauses and semiquavers duration in the cases of
solo violin 1 and solo viola. In the ensemble case only the viola is found to
play pauses consistently shorter than semiquavers although the difference was
small4. Regarding the variances, a χ2-test at a significance level of 5% could find
disjoint confidence intervals only for the first violin in the solo and the cello in
the ensemble. In the remaining cases the amount of variation in duration across
the pauses did not differ from the one of the notes.

Fig. 3.1 shows the same tempo analysis for the joint ensemble performance.
The most evident feature of this tempo curve is its relationship with the repeti-

4 The difference between the mean duration of the four notes groups and that of
the pauses was just 47 ms. This does not necessarily mean that the viola was not
synchronized with the rest but it might mean that he was slightly anticipating the
the others’ first note onset and/or deferring the last note offset in the group of notes.
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tion structure of the exercise. In fact, while remaining relatively constant (just
slightly increasing through the performance) the performance tempo was indeed
oscillating by speeding up in the center of the repetition and slowing down to-
wards its boundaries. In table 3.1 the correlation with the pitch curve5 is shown
for all the cases. In the joint ensemble performance the correlation is 0.56. This
confirms the overall tendency of the performance to speed up at higher pitches6.
Despite the fact that we only have recoded few repetitions, this value of corre-
lation is highly improbable to arise by chance. To quantify the significance we
have used an empirical (Monte-Carlo) method. We generated sample random
performances by perturbing in different ways the score with a gaussian noise
to each note onset time. For each random performance we have performed the
same macro-tempo analysis as the one performed on the real performance. Five
groups of 2000 random performances were generated of respectively standard
deviations 0.1, 2.5, 5, 10 and 25 ms. We then yield a value of pitch correlation
for the tempo curve produced by each perturbed score and estimate variance and
mean of the correlation. Assuming it to be a gaussian distribution we obtain an
empirical p-value7 for each noise amplitude. The resulting p-values are shown
in Fig. 5 and, as you can see, the p-value is bounded by 2.5%. Remarkably, an
increase of error variance σ2 yields a decrease of p-values and not the other way
around. Thus, it is even less likely to get a big correlation by adding a bigger
noise than by adding a small one. In conclusion a confidence level of 98% can be
considered to hold in all cases.

We have to notice that the excursion of the tempo curve is smaller than the
just-noticeable-difference (JND). This means that the musicians are not aware
of this fluctuations of tempo. Moreover, we can not still distinguish if this mech-
anism is directly related to repetition structure, pitch or to some more complex
unconscious mechanism governing the performance.

Solo Ensemble Joint Ensemble
Corr Cov Corr Cov Corr Cov

Violin 1 -0.54 -33.65 0.59 2.87

0.56 2.78
Violin 2 0.5 8.5 0.75 3.34
Viola 0.05 0.92 0.59 3.01
Cello 0.72 6.1 0.35 1.01

Fig. 4. Correlation of pitch with joint
ensemble tempo curve.
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Fig. 5. p-value for different
variances of gaussian noise for
the empirical significance test.

5 The pitch curve has values in number of semitones and has been constructed by
taking the higher pitched note of each chord

6 This is predicted by the well-known phrase-arch rule of Friberg et al. It is thus
probably unrelated to pitch, and occurs only because the high pitches are in the
middle of the phrase. However the performance we are analyzing here, far from
being expressive, is just an exercise scale.

7 The empirical probability of having a correlation as high as the one measured for
the real performance (0.56).
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3.2 Micro-tempo

Whereas macro-tempo can be related to global properties of the performance
such as phrases or repetition patterns, micro-tempo is usually related to inci-
dental local characteristics of the score.

At a shorter micro tempo scale, we found a consistent relation between the
duration of each semiquaver and the position it occupies within groups of 4
semiquavers. An ANOVA test could confirm at a significance level lower than
1% the effect of metrical position on the joint-performance.

Differences have been found also when comparing the solo performance with
the ensemble performance. Since the general tendency is to play the first note of
the group longer than the second we have focused, for the sake of simplicity, on
the ratio between the duration of the first semiquaver duration and the second
(SQDR). This simplification also enables us to compare the solo case with the
ensemble case since the ratio is not directly dependent on tempo. Remarkably, we
could prove at a significance level lower than 2% the effect of the two scenarios
to the SQDR for first Violin, Viola and Cello. We can thus report an overall
tendency to exaggerate the agogic accent of consecutive strong-weak semiquaver
couples in the ensemble case respect to the solo. Whereas the second violin keeps
maintaining a positive SQDR of 1.19 in both the cases, the first violinist and the
cello increase theirs from 1.07 to 1.27 and from 1.0 to 1.24 respectively. Despite
this general tendency, a different behavior was measured for the viola which was
decreasing its SQDR from 1.29 to 1.02.

A further analysis of the precedence of the onset times seems to explain the
different micro-tempo results of the musicians in the ensemble case. Analyzing
the attack time of the musicians having synchronized notes we found out that
the attacks of the cello were preceding the ones of the viola by a mean of 8 ms,
and the first violin was preceding the second by 13 ms. Musicians employing
an higher SQDR are thus also anticipating their partner on the average. This
suggest that the use of contrast in successive notes could be used as a mean of
communication between the musicians to better control the synchronization.

4 Discussion and future work

We have presented an experimental framework through which we assign the
musicians of a string quartet the task of playing specifically chosen exercises
after a brief rehearsal period. In this context we have shown a set of preliminary
results on timing synchronization phenomena observing the differences between
musicians playing alone or in ensemble.

In the macro-tempo and at the beat level we have observed broad reduction
of the mean bpm and its total variation in each single instrument. This confirms
the hypothesis that the constraints that musicians are required to follow end in
favoring a more controlled execution. In the joint ensemble performance we have
then detected a consistent correlation of the bpm with the phrase structure of
the repetition. Despite the fact that the excursion was here within the JND for

184



Timing synchronization in string quartets 9

tempo changes we have shown that this behavior is unlikely to happen by chance.
However, more experiments should be carried out to check if this behavior arises
because of the repetition structure, because of the pitch contour or for more
complex reasons.

The analysis micro-tempo, on the other hand, was pointing out generally a
bigger variance between short contiguous notes in the ensemble than in the solo.
By also looking at the precedence of onset attack time between musicians we
have formulated the hypothesis that a bigger contrast between contiguous short
note duration might be used by leaders to maximize the communication with
the other musicians or improve the synchronization. This hypothesis should be
taken into account systematically to design further experiments.
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Abstract. Music exists primarily as a medium for the expression of
emotions, but quantifying such emotional content empirically proves a
very difficult task. Myriad features comprise emotion, and as such mu-
sic theory provides no rigorous foundation for analysis (e.g. key, mode,
tempo, harmony, timbre, and loudness all play some roll), and the weight
of individual musical features may vary due to the expressiveness of dif-
ferent performers. In previous work, we have shown that the ambiguities
of emotions make the determination of a single, unequivocal response
label for the mood of a piece of music unrealistic, and we have instead
chosen to model human response labels to music in the arousal-valence
(A-V) representation of affect as a stochastic distribution. Using multi-
track sources, we seek to better understand these distributions by ana-
lyzing our content at the performer level for different instruments, thus
allowing the use of instrument-level features and the ability to isolate af-
fect as a result of different performers. Following from the time-varying
nature of music, we analyze 30-second clips on one-second intervals, in-
vestigating several regression techniques for the automatic parameteriza-
tion of emotion-space distributions from acoustic data. We compare the
results of the individual instruments to the predictions from the entire
instrument mixture as well as ensemble methods used to combine the
individual regressors from the separate instruments.

Keywords: emotion, mood, machine learning, regression, music, multi-
track

1 Introduction

There has been a growing interest in the music information retrieval (Music-IR)
research community gravitating towards methods to model and predict musical
emotion using both content based and semantic methods [1]. It is natural for
humans to organize music in terms of emotional associations, and the recent ex-
plosion of vast and easily accessible music libraries has created high demand for
automated tools for cataloging, classifying and exploring large volumes of mu-
sic content. Crowdsourcing methods provide very promising results, but do not
perform well outside of music that is highly-popular, and therefore leave much
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to be desired given the long-tailed distribution of music popularity. The recent
surge of investigations applying content-based methods to model and predict
emotional affect have generally focused on combining several feature domains
(e.g. loudness, timbre, harmony, rhythm), in some cases as many as possible,
and performing dimensionality reduction techniques such as principal compo-
nent analysis (PCA). While using these methods may in many cases provide
enhanced classification performance, they provide little help in understanding
the contribution of these features to musical emotion.

In this paper, we employ multi-track sources for music emotion recognition,
allowing us to extract instrument-level acoustic features while avoiding corrup-
tion that would usually occur as a result of noise induced by the other instru-
ments. The perceptual nature of musical emotion necessarily requires supervised
machine learning, and we therefore collect time-varying ground truth data for
all of our multi-track files. As in previous work, we collect data via a Mechani-
cal Turk human intelligence task (HIT) where participants are paid to provide
time-varying annotations in arousal-valence (A-V) model of affect, where valence
indicates positive vs negative emotion, and arousal indicates emotional intensity
[2]. In this initial investigation we obtain these annotations on our full multi-
track audio files, thus framing the task as predicting the mixed emotion from the
individual instrument sources. Furthermore, we model our collected A-V data
for each moment in a song as a stochastic distribution, and find that the labels
can be well represented as a two-dimensional A-V Gaussian distribution.

In isolating specific instruments we gain the ability to extract specific acous-
tic features targeted at each instrument, allowing us to find the most informa-
tive domain for each. In addition, we also isolate specific performers, potentially
allowing us to take into account performer-level affect as a result of musical ex-
pression. We build upon our previous work modeling time-varying emotion-space
distributions, and seek to develop new models to best combine this multi-track
data [3–5]. We investigate multiple methods for automatically parameterizing an
A-V Gaussian distribution, effectively creating functional mappings from acous-
tic features directly to emotion space distribution parameters.

2 Background

Prior work in modeling musical emotion has explored content based and semantic
methods as well as combinations of both models [1]. Much of the work in content
based methods focuses on training supervised machine learning models to predict
classes of emotion, such as happy, joyful, sad or depressed. Several works also
attempt to classify songs into discretized regions of the arousal-valence mood
space [6–8].

In addition to classification, several authors have successfully applied regres-
sion methods to project from high dimensional acoustic feature vectors directly
into the two dimensional A-V space [9, 8]. To our knowledge, no one has at-
tempted to leverage the separate audio streams available in multi-track record-
ings to enhance emotion prediction using content based methods.
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3 Dataset

We selected 50 songs spanning 50 unique artists from the RockBand R© game and
created five monaural stem files for each song. This is the same dataset (plus 2
additional songs) that we used in a previous paper for performing analyses on
multi-track data[10, 11]. A stem may contain one or more instruments from a
single instrument class. For example, the vocal track may have one lead voice
or a lead and harmony or even several harmonies as well as doubles of those
harmonies. Each stem only contains one instrument class (i.e. bass, drums, vo-
cals) excepting the backup track which can contain audio from more than one
instrument class. For each song there are a total of six audio files - backup,
bass, drums, guitar, vocals and the full mix, which is a linear combination of the
individual instruments.

To label the data, we employed an annotation process based on the
MoodSwings game outlined in [2]. We used Amazon’s Mechanical Turk and
rejected the data of users who did not pass the verification criteria of consistent
labeling on the same song and similarity to expert annotations. For the 50 songs
in our corpus there is an average of 18.48 ± 3.05 labels for each second with a
maximum of 25 and a minimum of 12. A 40 second clip was selected for each
song and the data of the first 10 seconds was discarded due to the time it takes a
user to decide on the emotional content of the song [12]. As a result, we are using
30 second clips for our time varying prediction of musical emotion distributions.

4 Experiments

The experiments we perform are similar in scope to those presented in a previous
paper which utilized a different dataset [4]. This allows us to verify that we
attain comparable results using instrument mixtures and provides a baseline to
compare the results from the audio content of individual instruments.

4.1 Overview

Acoustic features are extracted from each of the five individual instrument files
as well as the final mix and are described in more detail in Section 4.2. We use
linear regression to calculate the projection from the feature domain of each
track to the parameters of the Gaussian distribution that models the labels at
a given time.

[f
(t)
1 · · · f (t)m ] Wt = [µ(t)

v µ(t)
a Σ

(t)
11 Σ

(t)
12 Σ

(t)
22 ] (1)

Here [f
(t)
1 · · · f

(t)
t ] are the acoustic features, Wt is the projection matrix, µa and

µv are the means of the arousal and valence dimensions, respectively, and Σ is
the 2×2 covariance matrix. For an unknown song, Wt is used to predict the dis-
tribution parameters in the A-V space from the features for track t. The regressor
for each track can be used on its own to predict A-V means and covariances.
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Fig. 1: Acoustic features are computed on each individual instrument file and a
regression matrix is computed to project from features to a distribution in the
A-V space. A different distribution is computed for each instrument (B/D/P/V)
and the mean of the distribution parameters (gray circle) is used as the final
A-V distribution.

We also investigate combinations of the individual regressors to reduce the error
produced by a single instrument model. In these cases, the final prediction is a
weighted combination of the predictions from each individual regressor

θ =
K∑

k=1

πKθK (2)

where θ = [µv µa Σ11 Σ12 Σ22] and πk is the mixture coefficient for each re-
gressor. In this paper, we try the simplest case which averages the predicted
distribution parameters to produce the final distribution parameter vector. Fig-
ure 1 depicts the test process for an unknown song.

Having a small dataset of only 50 songs, we perform leave-one-out cross
validation (LOOCV), training on 49 songs and testing on the remaining song.
This process is repeated until every song has been used as a test song.

4.2 Acoustic Features

We investigate the performance of a variety of acoustic features that are typ-
ically used throughout the music information retrieval (Music-IR) community
including MFCCs, chroma, spectrum statistics and spectral contrast features.
The audio files are down-sampled to 22050 Hz and the features are aggregated
over one second windows to align with the second by second labels attained from
the annotation task. Table 1 lists the features used in our experiments [13–16].
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Feature Description

MFCC Mel-Frequency Cepstral Coefficients (20 dimensions)

Chroma Autocorrelation The autocorrelation of the
12 dimensional chroma vector

Spectral Contrast Energy in spectral peaks and valleys

Statistical Spectrum Descriptors Statistics of the spectrum (spectral shape)

Table 1: Acoustic features used in the experiments.

5 Results

We perform experiments using the audio of individual instruments, the full in-
strument mixture and combinations of the individual instruments. We also com-
pare the results of using different features for each track.

Table 2 shows the results for the regressors trained on individual instruments.
The mean average error is the average euclidean distance of the predicted mean
of the distribution from the true mean of the distribution across all cross vali-
dation folds. Since we are modeling distributions and not just singular A-V co-
ordinates, we also compute the one-way Kullback-Liebler (KL) Divergence from
the projected distribution to the true distribution of the collected A-V labels.
The table shows the average KL divergence for each regressor averaged across
all cross validation folds. We observe that the best regressor for bass, drums and
vocals is attained using spectral contrast features and the best regressor for the
backup and drum tracks is computed using spectral shape features. It is notable
that chroma features perform particularly poor in terms of KL divergence but
are only slightly worse than the other features at predicting the means of the
distribution.

We also consider combinations of regressors which are detailed in Table 3.
The ‘Best Single’ row shows the best performing single regressor in terms of A-V
mean prediction using each feature. The second row in the table includes the
results of averaging the predicted distribution parameters for all five individual
instrument models for the given feature. Lastly, ‘Final Mix’ lists the average
distance between the predicted and true A-V mean when projecting from features
computed on the final mixed track. We note that averaging the models improves
performance for all of the best single models excepting the spectral contrast
feature. Comparing the averaged models to the prediction from the final mix,
the averaged single instrument regressors perform better for MFCCs and spectral
shape features but do not perform as well as the final mixes when using chroma
or spectral contrast features.

In Figure 2 we see examples of both the predicted and actual distributions for
a 30 second clip from the song Hysteria by Muse. Both the true and estimated
distributions get darker over time as do the data points of the individual users.
The predictions for the individual instruments (a-e) are shown along with the
average of the predictions for all the instruments (f).
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Feature Instrument Average Mean Average KL
Distance Divergence

Backup 0.152± 0.083 1.89± 2.34
Bass 0.141± 0.070 1.26± 1.29

MFCC Drums 0.140± 0.075 1.17± 1.52
Guitar 0.133± 0.066 1.22± 1.40
Vocals 0.134± 0.071 1.41± 1.81

Backup 0.145± 0.125 1.86± 5.93
Bass 0.140± 0.076 1.21± 1.38

Spectral Drums 0.139± 0.071 1.20± 1.88
Contrast Guitar 0.125± 0.063 1.06± 1.42

Vocals 0.129± 0.065 1.00± 1.32

Backup 0.132± 0.068 1.25± 1.91
Bass 0.142± 0.071 1.31± 1.63

Spectral Drums 0.131± 0.072 1.03± 1.38
Shape Guitar 0.134± 0.063 1.12± 1.42

Vocals 0.133± 0.067 1.12± 1.47

Backup 0.153± 0.084 10.85± 15.6
Bass 0.159± 0.084 5.35± 6.13

Chroma Drums 0.162± 0.089 2.87± 3.01
Guitar 0.147± 0.074 2.66± 4.33
Vocals 0.154± 0.078 5.99± 10.4

Table 2: Mean average error between actual and predicted means in the A-V
coordinate space as well as Kullback-Leibler (KL) divergence between actual
and predicted distributions. The value of the best performing feature for each
instrument is in bold.

6 Discussion

In this initial work we demonstrate the potential of utilizing multi-track repre-
sentations of songs for modeling and predicting time varying musical emotion
distributions. We achieved performance on par with what we have shown pre-
viously with a different corpus using similar techniques and a simple averaging
of a set of regressors trained on individual instruments. Using more advanced
techniques to determine the optimal combinations and weights of instruments
and features could provide significant performance gains compared to averaging
the output of all the models. There are a variety of ensemble methods for regres-

Features

Chroma Contrast MFCC Shape

Best Single 0.147± 0.074 0.125± 0.063 0.133± 0.066 0.131± 0.072
Avg Models 0.142± 0.075 0.126± 0.066 0.124± 0.061 0.129± 0.064
Final Mix 0.141± 0.073 0.124± 0.066 0.129± 0.069 0.132± 0.066

Table 3: Results from different combinations of single instrument regressors
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(a) Bass (b) Backup (c) Guitar

(d) Drums (e) Vocal (f) Averaged Prediction

Fig. 2: Actual (red) and predicted (green) distributions for Hysteria by Muse.
The color of the distribution gets darker over time as does the color of the
individual data points.

sion that would be applicable to learning better feature and model combinations
for regression in the A-V space. We hope to infer, from the results of such ex-
periments, whether certain instruments contribute more to invoking emotional
responses from humans.

The results shown in these experiments are encouraging, especially in the
performance gains in the case of the MFCC features. An interesting result is
that each individual instrument spectral contrast prediction performs better
than that of MFCCs, but the MFCC multi-track combination is the top per-
former equal with spectral contrast on the full mix. This result highlights that
the highest performing feature on a single track might not be the same one that
offers the most new information to the aggregate track prediction. As a result,
in future work we plan to investigate feature selection for this application, per-
forming a number of experiments with different acoustic feature combinations
to determine the best acoustic feature for each instrument in the multi-track
prediction system.
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Abstract. An important issue in vector quantization (VQ) is the design of the 

codebook. The standard method for codebook design has been the generalized 

Lloyd algorithm (GLA) and Lind, Buzo and Gray (LBG) algorithm. Theses al-

gorithms can get stuck in suboptimal codebooks due to the presence of several 

locally minimum distortion values. Simulated annealing (SA) is an optimization 

procedure that uses randomness to escape local minima in its search for a glob-

ally minimum state. In this paper, we propose a method of applying simulated 

annealing to VQ codebook design problem. The results presented for speech 

samples represented by line spectrum Pairs (LSP) indicate that the resulting de-

sign with simulated annealing are better compared to GLA and LBG algo-

rithms.  

 

Keywords: LSP, Simulated Annealing, GLA, LBG, MSE, SNR 

1 Introduction 

VQ has become a powerful tool and its application has been frequently reported in the 

speech and image coding literature [1-3]. The basic definition of a vector quantizer Q  

of dimension n  and size K  is a mapping of a vector from n -dimensional Euclidean 

space,
nR  to a finite set, C , containing K  reproduction code-vectors [1]: 

 

 ,: CRQ n   (1) 

 

where  IiyC i  :  and 
n

i Ry   [1]. Associated with each reproduction code-

vector is a partition of 
nR , called a region or cell,  IiSS i  : [4]. The most popu-

lar form of VQ is the nearest neighbor VQ, where for each input source vector, x , a 
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search is done through the entire codebook to find the nearest code-vector,  iy , which 

has the minimum distance [5]: 

 

  xQyi   (2) 

 

 if     jiforyxdyxd ji  ,,   (3) 

 

where  yxd ,  is a distance measure between the vectors, x  and y . The mean 

squared error (mse) is used as the distance measure. Depending on the coding applica-

tion, other more meaningful distance measures may be used such as the the 

Mahalanobis distance [6], Itakura–Saito distance [7], or other perceptually-weighted 

distance measures [8]. 

If the dimension of the vectors is n  and a codebook of K  code-vectors is used, 

each vector will be represented as a binary code of length  K2log  bits. Hence the 

bitrate of the vector quantizer is given by  K
n

2log
1

 bits/sample [5]. 

Codebook design is the key problem of VQ and the generated codebook has more 

effect on the compression performance. The most widely used technique to create 

codebooks is a generalized Lloyd algorithm (GLA)[9], which is an iterative descent 

technique where an initial codebook is continually refined so that each iteration re-

duces the distortion involved in coding a given training set. The GLA algorithm pro-

vides no guarantee of optimality; a locally optimal solution may be obtained. The 

Linde–Buzo–Gray (LBG) algorithm [10] is an extension of the iterative Lloyd method 

[9], for use in VQ design. Because the LBG algorithm is not a variational technique,  

it can be used for cases where: the probability distribution of the data is not known a 

priori; we are only given a large set of training vectors; and the source is assumed to 

be ergodic [10]. The LBG algorithm involves refining an initial set of reproduction 

code-vectors using the Lloyd conditions [11], based on the given training vectors. The 

iterative procedure is stopped after the change in distortion becomes negligible. 

Research efforts in codebook design have been concentrated in two directions: to 

generate a better codebook that approaches the global optimal solution, and to reduce 

the computational complexity.  

All of the above algorithms have a local minimum problem. That is, the codebook 

guarantees local minimum distortion, but not global minimum distortion. To solve 

this problem, simulated annealing algorithms applied to image coding [12-14] have 

been proposed. Also, the method of using different initial points to find different 

codebooks, and then selecting the least distortion codebook as the final codebook, has 

been investigated. These last two methods can improve the codebook, but they in-

crease the complexity significantly, and they cannot guarantee global optimality. 
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 Competitive learning has also been applied to codebook design [15-20]. Codebook 

design algorithms based on evolutionary computation are new methods. In the design 

of the VQ codebook, the genetic algorithm (GA) is a random optimization algorithm 

based on the process of biological evolution by natural selection and genetic variation. 

GA has strong global search ability, but a weak local optimum capacity and slow 

convergence rate. It has advantages of easy use, universality and wide range of appli-

cation [21-24].  

Research on codebook design for VQ using simulated annealing has spanned over 

twenty years. Most work was focused on codebooks design for image coding. Less 

attention was paid to codebook design for speech signals.  

This paper explores the application of SA algorithm to design codebooks for split 

VQ (SVQ) of line spectrum pairs (LSP) parameters of speech signals and compare 

them with GLA and LBG, since these two algorithms remain used most often for 

developing codebooks [25,26]. 

 Our motivation for the use of LSP coefficient, to represent speech, is due to the 

fact that in many speech coders, the parameters of the all-zero predictor filter or the 

corresponding all-pole synthesis filter are coded and sent as part of the information 

stream [27]-[30].. Recently, there has been a growing interest in the use of (LSP’s) to 

code the filter parameters for linear predictive coding (LPC) of speech  

LSP’s are an alternative to the direct form predictor coefficients or the lattice form 

reflection coefficients for representing the filter response. The direct form coefficient 

representation of the LPC filters is not conducive to efficient quantization. Instead, 

nonlinear functions of the reflection coefficients (e.g., log-area ratio or inverse sine of 

the reflection coefficient) are often used as transmission parameters [31]. These pa-

rameters are preferable because they have a relatively low spectral sensitivity. 

LSP’s are an alternate parameterization of the filter with a one-to-one correspond-

ence with the direct form predictor coefficients. The concept of an LSP was intro-

duced by Itakura [32]. LSP’s encode speech spectral information more efficiently 

than other transmission parameters [28,33]. 

 We have opted for the quantization of the LSPs by SVQ. Our choice is justify by 

the fact that VQ provides greater quantization efficiency than the scalar quantization 

due to the high correlation between neighboring spectral lines and the intuitive spec-

tral interpolation [1]. Moreover, and  in order to make VQ practical for large dimen-

sion and high bitrates, a structure can be imposed on the codebook to decrease the 

search complexity and/or storage requirements. One way of achieving this is to use 

decompose the codebook into a Cartesian product of smaller codebooks [1,34].   

We will apply a 3-3-4 SVQ at 24 bits/frame to test our codebooks design. SVQ 

was first introduced by Paliwal and Atal [28,35] for quantization of line spectrum 

frequencies (LSF) in narrowband CELP speech coders and is used in the adaptive 

multirate narrowband (AMR-NB) codec [36]. SVQ is also used for quantizing Mel 

frequency-warped cepstral coefficients (MFCCs) in the ETSI distributed speech 

recognition (DSR) standard [37]. 
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In all cases, the codebook is designed to minimize the mean squared error mse, de-

fined by: 

 

  
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mse  (4) 

 

where ix  is the ith input sample and iy is the ith output codeword, n  is the dimen-

sion of the vectors and k   is the size of training sequence. 

 

The signal to noise (SNR) ratio to be maximized is given by: 

 

 
mseerroronquantizati

powersource
SNR source

2

1010 log10log10


  (5) 

 

The rest of this paper is organized as follows. In section 2, definitions and proper-

ties of LSP parameters are presented. In section 3, the SVQ method used for the quan-

tization of LSP coefficients is detailed. The SA algorithm is presented in section 4. 

Simulation results and discussions are given in section 5. Section 5 is dedicated to the 

conclusion.  

2 LSP Properties 

The linear predictive coding (LPC) method [38] is one of the most popular approach-

es for describing the time varying short-term spectrum of the speech signal. In many 

speech coding systems, LPC coefficients are transformed to the Line Spectrum Pairs 

(LSP) parameters [32] which are very effective representation for quantization of the 

LPC information. These parameters are preferable because they have a relatively low 

spectral sensitivity. This can be attributed to the intimate relationship between the 

LSP's and the formant frequencies. Accordingly, LSP's can be quantized taking into 

account spectral features known to be important in perceiving speech signals. In addi-

tion, LSP's lend themselves to frame-to-frame interpolation with smooth spectral 

changes because of their frequency domain interpretation. The LSP are related to the 

poles of the LPC filter (or the zeros of the inverse filter) in the Z-plane. For a p th-

order LPC analysis, the Z-transform of the LPC inverse filter is denoted by: 
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The parameters  ia  pi ,...,2,1 , are commonly referred to as the LPC coefficients 

[38],  

From (1) two new polynomials are defined: 
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The roots of these polynomials are usually called the Line Spectrum Pairs (LSP). 

These polynomials have the following properties: 

 All zeros of LSP polynomials are on the unit circle. 

 Zeros of P(z) and Q(z) are interlaced with each other on the unit circle. 

The minimum phase property of  zAp  can be easily preserved if the first two 

properties are intact after quantization. 

Some important properties are described in detail in [32]. 

 

The 10th-order linear prediction corresponds to the frequency range of narrowband 

speech coders [39, 40].  

3 Split vector quantization of LSP parameters 

In this section we will present the SVQ definitions used for LSP coefficients quantiza-

tion.  

An m  part, n -dimensional SVQ [2] operating at b  bits/vector, divides the vector 

space, 
nR , into m  lower dimensional subspaces,  m

i

n
i
iR

1 , where  


m

i
inn

1
. 

Independent codebooks,  m
ii

C
1 , operating at  m

ii
b

1  bits/vector, where 

 


m

i
ibb

1
, are then designed for each subspace. In order to quantize a vector of 

dimension n , the vector is split into subvectors of smaller dimension. Each of these 

subvectors is then encoded using their respective codebooks. The memory and com-

putational requirements of the SVQ codebook are smaller than that of an unstructured 

VQ codebook. In terms of the number of floating point values for representing the 

SVQ codebooks as opposed to that of unstructured VQ: 
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while the effective number of code-vectors of the resulting product codebook is the 

same as that of unstructured VQ at the same bitrate: 
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 (9) 

 

Therefore, the computational complexity and memory requirements for SVQ can 

be reduced considerably by splitting vectors into more parts.  

 

In our study, the LSP parameters vector of dimension 10 is split into three sub-

vectors, with the first sub-vector containing the three lowest LSP's, the second sub-

vector containing the three middle LSP's and the final sub-vector containing the four 

highest LSP's [28].  

4 Simulated Annealing 

This section introduces the principle of SA algorithm suitable for solving the prob-

lem of VQ codebook design..  

Simulated annealing is the computer modeling of the annealing process. By appro-

priately defining an effective temperature for the multivariable system, simulated 

annealing can solve a wide collection of optimization problems. Kirkpatrick et al. [12] 

were the first to use simulated annealing to solve such optimization problems. Starting 

from an initial state and with an initial temperature 0T , the simulated annealing pro-

ceeds as follows:  Alter the state by a random perturbation, and compute the resulting 

change in the cost function, E . If 0E , then the perturbed state is accepted as the 

new state. If 0E , then the perturbation is accepted with probability 

   TEEp /exp  . The state of the system is repeatedly perturbed until either a 

fixed number of attempts are made or a minimum number of attempts are accepted. 

The temperature T  is then reduced to the next lower temperature, and perturbations 

are again carried out. The number of perturbations attempted at each temperature and 

the sequence of temperatures is called the annealing schedule. Kirkpatrick et al. [41] 

recommended that the annealing schedule be developed by trial and error for a given 

problem, and chose 0)9.0( TT n
n  , for the VLSI partitioning problem. Hajek [41] 

recommended the schedule  1log  nCTn since this helps guarantee the global 

minimum. The primary advantage of simulated annealing is its ability to avoid local 

minima in its search for the state with globally minimum energy. Changes that both 

decrease and increase the cost function are accepted, making escape from local mini-

ma possible. In the next section codebooks design based SA will be tested. 
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5 Simulation results and discussions 

 

A key issue in VQ is the design of the codebook. Usually, VQ codebooks designed 

using GLA [9] and LBG [10] algorithms, as stated in the introduction, can get trapped 

in local minima. Here we will investigate the use of SA method to optimize code-

books for SVQ (3-3-4) with LSP parameters and compare its performance with GLA 

and LBG in terms of mse, SNR, number of iterations and time execution. 

The LSP coefficients where generated from the ITU-T G.729 standard, which op-

erates at 8 kbits/s[41]. The speech used is extracted from the TIMIT database [42]. 

The total number of vectors used for the training sequence is 229829. 

Here, vectors of dimension 10 representing speech LSP parameters are splitted into 

three subvectors of dimensions 3, 3 and 4 respectively. The bit allocation for each 

subvector is 8 bits with a total number of 24 bits/vector.  

The annealing schedule used is the common 0)9.0( TT n
n  , with 0T selected to 

achieve 99% acceptance. Twenty five acceptances or rejections were required before 

decreasing the temperature. 

Table 1 summarizes the results obtained with the GLA algorithm. It shows the 

initialmse  and finalmse when the mse  (eq. 4) is used as a cost function. Four cases are 

considered for each sub-vector of dimension n . Results obtained, when SNR  (eq. 5) 

is considered as cost function to be maximized, are also reported in Table 1. The 

initialSNR  and finalSNR are given considering four cases as mse  is used cost function.  

The total number of iteration and time execution is also given for each case. 

The initial codebooks, for the three sub-vectors considered here, are generated ran-

domly from the training sequence. Codebook index corresponds to the initial code-

book and can be any integer value. 

 

Tests for the LBG algorithm, reported in Table 2, are given by the statistical prop-

erties corresponding to each subvector represented by means and variances and are. 

Table 2 shows also the optimal mse and SNR and the corresponding number of itera-

tions and time execution for each subvector of dimension n  and size K=256. 

 

The results obtained for SA algorithm are summarized in Table 3. The initial tem-

perature iT  and its corresponding  in itia lmse   are given for each subvector of dimen-

sion n  when the mse is used as a cost function. The same thing for the final fT  and 

its corresponding finalmse  when the SNR is used as a cost function. It is also given in 

the same table the corresponding number of iterations and time execution for each 

vector of dimension n . 
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Table 1. Results obtained with GLA for codebooks of dimension n  and size K=256 of speech 

LSPs  

Code- 

book 

 

initialmse  finalmse  initialSNR  finalSNR  Codebook 

Index. 

 

iterations Time 

 

3n  

 K=256 

 

0.001706 0.000157 12.734338 23.097418 0 14 1.152 s 

0.000130 0.000073 23.921389 26.416121 50 12 0.981 s 

0.000214 0.000062 21.748373 27.116219 100 9 0.741 s 

0.011953 0.000829 4.280092 15.866799 400 23 1.883 s 

        

 

3n  

K=256 

0.002855 0.000418 16.250179 24.590706 0 24 1.983 s 

0.000590 0.000299 23.095110 26.054218 50 9 0.742 s 

0.000810 0.000232 21.722563 27.145992 100 9 0.741 s 

0.010768 0.001036 10.484547 20.650553 400 13 1.072 s 

 

 

4n  

K=256 

0.002654 0.000377 17.164139 25.634670 0 27 2.213 s 

0.000799 0.000355 22.378906 25.897436 50 15 1.241 s 

0.000953 0.000448 21.614010 24.888277 200 7 0.58   s 

0.005073 0.000689 14.350595 23.024261 300 15 1.231 s 

 

 

Table 2. Results obtained with LBG for codebooks of dimension n  and size K=256 of speech 

LSPs  

Codebook Mean Variance finalmse  finalSNR  iterations 

 

Time 

3n  

 K=256 

 

0.509195 0.032024 0.000047 28.294531       92 2.233 s 

3n  

K=256 

 

1.288222 0.120389 0.000194 27.930449       90 1.922 s 

4n  

K=256 

2.304135 0.138155 0.000222 27.936451       86 1.672 s 
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