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Abstract
The digital music industry has expanded dramatically during the past decades,
which results in the generation of enormous amounts of music data. Along with the
Internet, the growing volume of quantitative data about users (e.g., users’ behaviors
and preferences) can be easily collected nowadays. All these factors have the potential to produce big data in the music industry. By utilizing big data analysis of music
related data, music can be better semantically understood (e.g., genres and emotions), and the user’s high-level needs such as automatic recognition and annotation
can be satisfied. For example, many commercial music companies such as Pandora,
Spotify, and Last.fm have already attempted to use big data and machine learning related techniques to drastically alter music search and discovery. According
to musicology and psychology theories, music can reflect our heart and soul, while
emotion is the core component of music that expresses the complex and conscious
experience. However, there is insufficient research in this field. Consequently, due
to the impact of emotion conveyed by music, retrieval and discovery of useful music
information at the emotion level from big music data are extremely important.
Over the past decades, researchers have made great strides in automated systems
for music retrieval and recommendation. Music is a temporal art, involving specific
emotion expression. But while it is easy for human beings to recognize emotions
expressed by music, it is still a challenge for automated systems to recognize them.
Although some significant emotion models (e.g., Hevner’s adjective circle, Arousalii

Valence model, Pleasure-Arousal-Dominance model) established upon the discrete
emotion theory and dimensional emotion theory have been widely adopted in the
field of emotion research, they still suffer from limitations due to the scalability and
specificity in music domain. As a result, the effectiveness and availability of music
retrieval and recommendation at the emotion level are still unsatisfactory.
This thesis makes contribution at theoretical, technical, and empirical level. First
of all, a hybrid musical emotion model named “Resonance-Arousal-Valence (RAV)”
is proposed and well constructed at the beginning. It explores the computational
and time-varying expressions of musical emotions. Furthermore, dependent on the
RAV musical emotion model, a joint emotion space model (JESM) combines musical audio features and emotion tags feature is constructed. Second, corresponding
to static musical emotion representation and time-varying musical emotion representation, two methods of music retrieval at the emotion level are designed: (1) a
unified framework for music retrieval in joint emotion space; (2) dynamic time warping (DTW) for music retrieval by using time-varying music emotions. Furthermore,
automatic music emotion annotation and segmentation are naturally conducted.
Third, following the theory of affective computing (e.g., emotion intensity decay,
and emotion state transition), an intelligent affective system for music recommendation is designed, where conditional random fields (CRF) is applied to predict
the listener’s dynamic emotion state based on his or her personal historical music
listening list in a session. Finally, the experiment dataset is well created and proposed systems are also implemented. Empirical results (recognition, retrieval, and
recommendation) regarding accuracy compared to previous techniques are also presented, which demonstrates that the proposed methods enable an advanced degree
of effectiveness of emotion-based music retrieval and recommendation.

Keywords: Music and emotion, Music information retrieval, Music emotion recogiii

nition, Annotation and retrieval, Music recommendation, Affective computing, Time
series analysis, Acoustic features, Ranking, Multi-objective optimization
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Chapter 1
Introduction
This chapter first gives background information of big data in music industry. Next,
the domain-specific introductions of music information retrieval and recommendation, especially at the emotion level, are provided. Then, the motivation of the
research is discussed. Finally, the organization of the thesis is outlined at the end.

1.1

Big Data in Music Industry

The digital music industry has expanded dramatically during the past decades,
which results in the generation of enormous amounts of music data in various representations (e.g., cassette tapes, CDs, score-based materials, audio and MIDI formats,
online music streaming). Along with the Internet, the growing volume of quantitative data about listeners (e.g., purchase records, listening lists and preferences)
can be easily collected nowadays. All these factors have the potential to produce
big data in music industry. By utilizing big data analytics, the user’s habits, tastes
or actions can be well predicted or understood, thus big music data may completely change music ecology. For example, many commercial music companies such as
Pandora, Spotify, and Last.fm have already attempted to use big data and machine
1

learning related techniques to drastically alter music discovery and share, customize
the experiences for users based on their behaviors, tastes, and preferences.
Since the age of big music data has arrived, retrieval and discovery of useful
music information from big music data are extremely important. Music information
retrieval (MIR) involves interdisciplinary studies of musicology, psychology, digital
signal processing and machine learning. The research community music information
retrieval evaluation exchange (MIREX) has provided some typical tasks (e.g., audio
music mood classification, audio music similarity and retrieval) in MIR. Intelligent
affective recommendation of music systems have potential to satisfy high-level goals.

1.2

Motivation and Significance

Current methods for music retrieval are mainly classified into three types: metadatabased, content-based, and emotion-based. Most of commercial music service providers (e.g., Myspace, AllMusic, Yahoo!Music, etc.) utilized metadata information such
as music title, genre, album, lyrics, and biography to search music. Some applications (e.g, Musipedia, Themefinder, Pandora radio, etc.) employ content-based
method to search music relying on melody, rhythm, timbre, harmony, which provide
advanced search options different music contents. As for emotion-based method, it
is a natural and profound way to design semantic search engines of music. Although
there are many works on emotion models and representations, little are flexible
and robust with respect to emotion-related music applications. Current methods of
representation model generally either focus on discrete emotion models (e.g., Hevner’s adjective circle [80], OCC model [161]) or dimensional emotion models (e.g,
arousal-valence model [211], pleasure-arousal-dominance model [144]). However, in
the domain of music, these methods have failed to provide flexibility and increased
performance in various music applications. Therefore, this motivates us to construct
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a flexible and extensible musical emotion representation applied in various conditions. Since static representation of musical emotion is often adopted to perform
music emotion recognition and retrieval, there is little research work on dynamic representation of time-varying musical emotions. However, music is a temporal art, and
emotion conveyed by music can dynamically change in music listening. Therefore,
it is promising to search music by time series emotion dynamics.
Many studies in psychology and physiology have been carried out to evaluate
emotion evoked by music. Physiological changes (e.g, heart rate, blood, pressure,
etc.) [147] are often used to recognize emotion and its changes in music listening
[1, 127, 107], and some affective music systems have been developed [123, 237]. However, special wearable devices are required to detect physiological biosignals (e.g.,
electrocardiogram, electromyogram, etc.) [100]. Thus, it is difficult and inconvenient
to provide music recommendation by the user’s emotion detected by these wearable
devices. However, By using techniques in pattern recognition and machine learning,
the user’s dynamic emotion in music listening can be modeled and predicted through
mining his or her personalized listening history in the specific session.

1.3

Objectives of the Thesis

The objectives of this PhD dissertation are presented here, which are related to the
novel musical emotion representation that we want to verify:
• Review the state-of-the-art of emotion models adopted in music domain and
methods used in emotion-based music retrieval and recommendation. This
multidisciplinary study comprises the current literature related to static and
dynamic representation of emotion, machine learning algorithms commonly
applied in music emotion recognition, retrieval and recommendation.
• Justify our proposed novel hybrid musical emotion representation which com3

bines discrete emotion theory and dimensional emotion theory. Project musical
audio features into our proposed novel musical emotion space.
• Learn a joint emotion space model using musical audio features and emotion
tags. Provide a unified framework for music emotion annotation and retrieval.
• Provide time series analysis for modeling and predicting musical emotions.
Provide music segmentation at the emotion level. Retrieve music based on
time-varying musical emotions by using dynamic time warping.
• Provide two evaluations (self-reported and psychological measurement) to evaluate emotions induced by music, and an intelligent affective recommendation.
Apart from the technical content, this dissertation also explains the experiments
and results, which will be discussed in the following chapters.

1.4

Organization of the Thesis

This thesis models emotions conveyed by music, and carries out music retrieval and
recommendation at the emotion level. The rest of the thesis is organized as follows.
• Chapter 2 - Literature review will present the literature review on emotion model, musical audio feature extraction and selection. This survey also
gives the state-of-the-art methods for music emotion recognition, emotionbased music retrieval, and recommendation.
• Chapter 3 - A Novel Musical Emotion Representation for Music
Emotion Recognition will propose our method for musical emotion representation - a resonance-arousal-valence (RAV) model, and introduce two forms
of emotion expression: static and dynamic (time series). Emotion-relevant features with respect to each dimension of this RAV emotion space will be inves4

tigated and selected. The experiments through multiple cross-validations for
music emotion recognition will be analyzed and compared with other models.
• Chapter 4 - Music Retrieval in Joint Emotion Space Combined Audio Features and Emotion Tags will describe how to learn an optimal
joint emotion space model, and then provide a unified framework for music
emotion annotation and retrieval. Three query forms (query-by-object, queryby-tag, and hybrid) and two multi-objective optimization methods (weighted
sum method and non-dominated sorting genetic algorithm) for finding the
optimal results will be explained. Three experiments will be carried out.
• Chapter 5 - Dynamic Time Warping for Music Retrieval Using Time
Series Analysis of Musical Emotion will utilize time series analysis (dynamic texture model) to model and predict time-varying musical emotions.
Music segmentation based on multiple dynamic textures will be discussed.
Dynamic time warping will be used to retrieve music based on time-varying emotion dynamics. Experiments will be performed to evaluate the performance.
• Chapter 6 - Towards Intelligent Affective Recommendation of Music
will deal with music recommendation in the context of affective computing.
Assumptions on emotion elicitation from music will be given at first. Then
musical emotion intensity, emotion intensity decay model, and emotion state
transition model will be explained. After that emotion-aware system will be
built to predict the user’s dynamic emotion in music listening. Finally, an
intelligent affective recommendation system of music will be presented.
• Chapter 7 Conclusions and future research directions will summarize
all methods, and give overall conclusions, contributions from the thesis presented in previous chapters. Future research directions also will be suggested.
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Chapter 2
Literature Review
Music information retrieval (MIR) and recommendation involves interdisciplinary
(e.g., musicology, psychology, signal processing, information retrieval, machine learning, etc.) research. Although significant progress (e.g., music genome project) has
been made in the area of MIR and music recommendation, emotion induced by
music is less researched and understood to benefit related work.
The aim of the chapter surveys the state of the art in emotion theories, music
emotion recognition, and music retrieval and recommendation systems in emotion
level. In the following sections, we investigate and review the relationship between
music and emotion from physiological responses and machine learning techniques.
Research on psychology and emotion theory is studied to explore emotion models,
and different representations of musical emotion (static and dynamic) are presented. Musical audio related features from three different aspects (low-level physical
features, middle-level perceptual features and high-level semantic features) also surveyed. The different method for music emotion recognition is reviewed. Most importantly, music retrieval and recommendation methods, especially at the emotion
level, are investigated and reviewed in details.
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2.1

Music and Emotion: Theory and Research

Studies of music and emotion have been conducted off and great efforts have been
made in the past decades. First of all, this section gives basic concepts and terminology for music. Then the relationship between music and emotion from the aspects
of psychology and cognitive science will be explored. Finally, the problem of how to
express emotion expressed or evoked by music is briefly discussed.

2.1.1

Music Concept and Terminology

Sound is a vibration transferred through some medium such as air or water. For
human beings, the hearing system relies on the ability of the ear and neural system
to sense and process variations of sound waves transmitted through air to eardrum.
The perception of sound is limited to vibrations with a specific range of frequencies
from 20Hz to 20000Hz. Table 2.1 lists three basic and core elements (pitch, loudness,
timbre) of sound related to hearing sensations, and presents the detailed definitions
of them given by American National Standards Institute (ANSI). However, as pitch,
loudness, and timbre are all subjective, different listeners perceive identical sounds
maybe different. In addition, sound is a broad concept, which contains many different formats such as speech, music, noise. Therefore, it is a challenge to carry out
sound perception and recognition related studies and research.
Music is regarded as an art form consisting of sequences of sound in time. About
two hundred years ago, Euler [61] clearly indicated the relationship between sound
and music. Music is a specific kind of sound conveying massive meaningful information. Since then, the research on this field has been strengthened and extended
[159]. During the past few decades much scientific research has focus on music and
musical audio, to better explain the work in this field, we first present commonly
used concepts or terminology for music in the following section.
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Table 2.1: The Definition of three basic and core elements of sound form ANSI
Basic Elements

Descriptions

Pitch

The definition of pitch given by ANSI is that ”attribute
of auditory sensation in terms of which sounds may be
ordered on a scale extending from high to low.” Because
pitch is a subjective attribute, fundamental frequency
(refers to the lowest frequency of a periodic wave) is
often used to measure pitch.

Loudness

The definition of Loudness given by ANSI is that ”attribute of auditory sensation in terms of which sounds
can be ordered on a scale extending from quiet to loud ”.
Similarly to pitch, loudness is also a subjective attribute,
intensity of the sound is often used to measure loudness.

Timbre

The definition of Timbre given by ANSI is that ”attribute of sensation in terms of which a listener can
judge that two sounds having the same loudness and
pitch are dissimilar ”, which depends primarily upon the
spectrum of the stimulus, but also upon the waveform,
the sound pressure, the frequency location of the spectrum, and the temporal characteristics of the stimulus.

Music Terminology
Although, in taxonomy, sound contains music, music has its own language, structure
and syntax. To better understand this dissertation, the most important concepts
and terms of music related to musical emotion research are given as follows [160]:
• Rhythm is an important facet of music related to periodic repetition of time8

Figure 2.1: Illustration of music terminology: an Example of a music score (Excerpt
from Eine kleine Nachtmusik, First movement: Allegro, K.525 by Mozart)2
related information. Serval descriptors are often used to represent rhythm,
such as tempo, beat, beat onsets, silence rate, event density and so on.
• Melody is the organization of successive musical sounds in respect of other
information such as pith, rhythm, timbre. Melodies are often represented by
their melodic motion or intervals between pitches (conjunct or disjunct), etc.
Melodic lines are also regarded as the horizontal aspect of music.
• Tonality is a hierarchical scaled description of the relationship between pith
among center key. Major-minor tonality is often used to describe tonal system
in the European tradition of classical music.
• Harmony is dependent on the time organization of simultaneous pitches or
chords, which often represents mixture sounds with such characteristics: muddy, sharp, and smooth. Harmony often refers to the vertical aspect of music.

According to the knowledge of musical form, two dimensions of music are usually
utilized to describe music in terms of form: horizontal and vertical dimension [160].
• Horizontal dimension is associated with temporal property (time) of music,
such as rhythm, and melody.
9

• Vertical dimension indicates musical tones simultaneously activated vertically
such as chord, and harmony.
To illustrate above two dimensions of music, Figure 2.1 shows a polyphonic music
score, an excerpt from Eine kleine Nachtmusik, First movement: Allegro, K.525 by
Mozart, Wolfgang Amadeus. The horizontal dimension consists of various temporal
property of music such as melody. The vertical dimension consist of four musical
tones simultaneously played by different instruments such as violin, viola.

2.1.2

Music and Emotion

Music is a succession of tones with specific structure through time, which involves
some basic perceptual attributes such as intensity, pitch, rhythm, timbre, melody,
tonality, harmony [100]. In psychology and philosophy, emotion is complex subjective and conscious experience. Many researchers attempt to give a clear definition
on it, such as [187] defined emotion consisting of a synchronization of changes in
organismic subsystems. The first issue we have to face is whether music can induce
emotion. The relationship between music and emotion have been explored by a
number of studies [11, 98, 113, 190, 97, 110]. Nevertheless, there are still controversies on the emotional effect of music. Some researchers point out that music does
not induce the real human emotions [98, 110]. Conversely, others have argued that
music can induce emotion [146, 190, 38]. Through some psychological evidences
[114, 96], they believe that emotions induced by music are real, which in some degree is like human emotion [114, 96, 124]. As proving whether music induce emotion
or not is another matter, and it is out of the scope of this paper, we agree this view
that music is indeed able to induce emotion.
The second issue is how to express emotion induced by music. Measurements on
the expression of emotion in music was introduced much earlier in [200]. Musical
expression of emotion is conveyed by elemental attributes of music. Many research
10

works [199, 233] have already investigated the elemental attributes of music (e.g.,
pitch, intensity, rhythm, timbre, and tonality, etc.) contributing to the expression
of emotion. For example, happy music often have relatively rapid tempos, major
mode and relatively constant ranges of pitch and intensity, while sad music usually
have slow tempos, minor mode and fairly constant ranges of pitch and intensity.
When people listen to music, these perceptual attributes may have effect on emotion induction reflected by biophysical changes. The expression of these perceptual
attributes are usually expressed by various acoustic features such as zero-crossing,
energy, Mel-frequency cepstral coefficients (MFCCs), chroma, statistical spectrum
descriptors and octave-based spectral contrast. The relationship between these acoustic features and their emotional impact was introduced in [196, 108, 201]. Thus,
the expression of musical emotion can be represented by emotion-relevant acoustic features. In practice, general users tend to use simple emotional adjectives [80]
to describe emotion expressed by music, while psychologists attempt to use basic
dimensions of emotion induced by music to represent emotion [176, 211, 144]. Furthermore, emotion involves an intensity attribute which measures emotion intensity
in scale. As the intensity of emotion is fundamentally temporal in nature, it will
dynamically change with psychological response over time [44]. Different mathematical models (e.g., inverse exponential model) [168, 71] are used to simulate the
process of emotion intensity decay. Many researchers have already proposed different computational models for emotion [176, 211, 161, 55]. We will give a detailed
description in the next subsection.

2.2

Emotion Theories

As emotion is a complex psychological and physiological human experience, various
emotion models have been constructed by different researchers [80, 59, 198, 161, 84]
11

in different research domains (e.g., cognitive science, musicology, computer science,
etc.). These emotion models are classified by two widely established emotion theories [185]: discrete emotion theory and dimensional emotion theory. A detailed
description of state-of-the-art of emotion models is given in the following sections.

2.2.1

Discrete Emotion Theory

Discrete emotion theory often utilizes a number of emotional descriptors or adjectives to express basic human emotions (e.g., happiness, sadness, anger, contempt,
disgust, etc.) [90, 120, 98]. The classic study conducted by Hevner [80] first investigated the relationship between music and the listeners’ emotions, and developed an
adjective circle consisting of eight clusters totalling 67 emotional adjective words,
shown in Figure 2.2. Since then, many researchers [59, 198] have made some revision of Hevner’s adjective circle. For example, Schubert [198] updated the Hevner’s
adjectives and finally applied 46 words grouped into nine clusters to describe emotion, as shown in Table 2.2. Another breakthrough was made by Ortony, Clore &
Collins who proposed an emotion cognitive model with name OCC [161] to hierarchically describe 22 emotion type descriptors. For the sake of simplicity, emotional
words usually used in music applications are some general category descriptors such
as (soft, neutral, aggression) or (happy, neutral, sad) [171]. More specifically, the
research community of Music Information Retrieval Evaluation eXchange (MIREX)
has classified music emotion into five categories by clustering different common emotional labels or words in music domain [84], as shown in Table 2.3.
Although these emotion models based on discrete emotion theory have performed
well and widely applied in some applications (e.g., music emotion classification or
annotation, etc.), they still have shortcomings limiting their performance and scalability. Firstly, discrete emotion models consisting of a small and finite number of
primary emotion words or adjectives are not able to adaptively and flexibly describe
12

Figure 2.2: Hevner’s adjective circle modified by Farnsworth, consisting of eight
clusters totalling 67 adjective words related to emotion. Each cluster is ordered in
alphabetical order, given number from 1 to 8.

the numerous emotional responses. Secondly, the distinction between different emotional effects is not always readily apparent (e.g., sadness, mourning), thus it is
difficult to accurately represent these emotions using such ambiguous and homogeneous emotional words or descriptors. Finally, and most importantly, emotion is
unlike the discrete psychological and emotional response, thus it is unreasonable to
represent continuous and dynamic psychological and emotional response by discrete
emotion models. Therefore, suffering from those limitations result in researchers
13

Table 2.2: Totally 46 updated of the Hevner’s adjectives by Schubert [198]
Clusters

Emotion Words

Cluster A

Bright, Cheerful, Happy, Joyous

Cluster B

Humorous, Light, Lyrical, Merry, Playful

Cluster C

Calm, Delicate, Graceful, Quiet, Relaxed, Serene, Smoothing,
Tender, Tranquil

Cluster D

Dreamy, Sentimental

Cluster E

Tragic, Yearning

Cluster F

Dark, Depressing, Gloomy, Melancholy, Mournful, Sad,
Solemn

Cluster G

Heavy, Majestic, Sacred, Serious, Spiritual, Vigorous

Cluster H

Dramatic, Exciting, Exhilarated, Passionate, Sensational,
Soaring, Triumphant

Cluster I

Agitated, Anger, Restless, Tense

Table 2.3: Five emotion clusters in MIREX [84]
Cluster

Emotional labels

Cluster 1

passionate, rousing, confident,boisterous, rowdy

Cluster 2

rollicking, cheerful, fun, sweet, amiable/good natured

Cluster 3

literate, poignant, wistful, bittersweet, autumnal, brooding

Cluster 4

humorous, silly, campy, quirky, whimsical, witty, wry

Cluster 5

aggressive, fiery,tense/anxious, intense, volatile,visceral

attempting to design other emotion models from a dimensional and continuous way.
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2.2.2

Dimensional Emotion Theory

Dimensional emotion theory claims that emotion should be depicted in a psychological dimensional space [232, 20, 191, 8], and it is convenient to express a wide
range of emotions not necessarily depicted by particular emotional words or descriptors. Since currently there is no consensus on the dimensions of emotion in academia,
several famous dimensional emotion models (e.g., two-dimensional arousal-valence
model, three-dimensional pleasure-arousal-dominance model) are proposed by different researchers. A survey on emotion representation in dimensional space can be
found in [73]. Here we present several significant dimensional emotion models based
on dimensional emotion theory.
About one hundred years ago, Titchener [214] thought that the structure of emotion is only one-dimensional, consisting of pleasure-displeasure. In contrast, many
other researchers [176, 211, 231] favors two-dimensional emotion models. For example, Russell [176] proposed to represent emotion by linear combinations of two
independent dimensions: arousal and valence. Arousal represents the level of activation in stimuli, with range from sleepy to aroused. Valence accounts for pleasantness
and unpleasantness. This two dimensional arousal-valence emotion model are widely used in many applications (e.g., music emotion recognition). Furthermore, [211]
rotated arousal-valence dimensions 45 degrees to produce two separate physiological arousal dimensions: energetic arousal and tense arousal, which are convenient to
measure subjective experience. However, some researchers [246] argue that energetic
arousal and tense arousal are mixtures of a single activation dimension and valence,
and [192] pointed out that they were not mixtures of valence and activation. In order
to evaluate the effectiveness of Thayer’s emotion model [211], [54] applied his emotion model to predict multidimensional emotional ratings from music audio signals
and demonstrated it obtained high performance for music classification in emotion
level. However, there are still some issues in arousal-valence model, [36, 74] indi15

Figure 2.3: The graphic description of two and three-dimensional emotion models
[55, 70]: Russell’s circumplex model, Thayer’s two-dimensional model, and threedimensional PAD model. Basic emotion labels are located in two-dimensional model.

cated that it is not able to distinguish some specific emotions such as calm, bored,
and suggested that two-dimensional model is inadequate. In addition, Fontaine et
al. [65] directly indicated that emotion was not only two-dimensional, and proposed
four dimensions to represent similarities and differences in the meaning of emotion
words. However, their model is only applied to specific domain: text and language.
The left side of Figure 2.3 illustrates above described Russell’s circumplex model,
Thayer’s two-dimensional model, and rotation of arousal-valence model.
As for three-dimensional emotion model, a significant model - pleasure-arousaldominance (PAD) proposed by Mehrabian [144] used three numerical dimensions to
represent all emotions, as shown in the right side of Figure 2.3. The dimension of
dominance represents the controlling and dominant of the emotion, which is partic16

ularly useful in distinguishing among emotions having similar arousal and valence.
Therefore, it can partially solve the problem encountered in two-dimensional arousalvalence model. For example, anger is a dominant emotion, while fear is a submissive
emotion. Compared with arousal-valence model, the PAD model outperforms to distinguish them. Furthermore, other evidence of dominance improving performance
than only two-dimensional arousal-valence model can be found in [145, 76]. Gebhard
[70] established relationship between PAD model and discrete OCC model and proposed a layered emotion model combining these two models. However, MacDorman
and Ho [135] investigated to use PAD model to measure musical emotions. They
found that arousal and valence had high validity for expressing emotion induced
by music, while dominance seemed to have problem because that emotions induce
by music were not able to describe neither by dominant nor submissive behavior.
Fortunately, in the field of music and emotion, Bigand et al. [12] found that the
third dimension implied an association with an emotional character measured by
musical characteristics like continuity-discontinuity or melodic-harmonic contrast.
Despite above mentioned dimensional emotion models are widely applied in many
applications [134, 244, 195] (e.g., emotion detection, music emotion recognition) and
have showed their benefits, they still suffer from the following disadvantages. Firstly,
it is subjective and has challenge to measure its own dimensions of emotion models.
For example, the measurement of arousal or valence is subjective and it is difficult
to objectively evaluate them. Secondly, it is more complex and elaborate to describe
emotion an understandable way than discrete emotion models.
In summary, dimensional emotion models have already served differing roles in
various research and applications. Further, the evaluations of these models are mainly depending on their application domains and roles. In the domain of psychology
and physiology, the models are often evaluated by physiological measures (e.g., blood
pressure, heart rate, etc.). In contrast, in the domain of artificial intelligence and
17

intelligent system, evaluation was often conducted on modeling emotion impacts on
reasoning and decision-making within its environment.

2.2.3

Comparison of the Discrete and Dimensional Emotion
Models

In light of above description on some of the discrete emotion models and dimensional
emotion models, this section presents pros and cons in comparison of these two types
of emotion models. More description and details about the comparison results of
them can be found in the work of [185, 189, 56].

1. The discrete emotion models are more understandable and easier to rate than
dimensional models, because the terminology (e.g., happy, sad, romantic, etc.)
applied in discrete models is already familiar to users, while the terminology
(e.g., arousal, valence) given by dimensional models is unfamiliar to most users.

2. The dimensional models are more flexible, effective and easier to be applied as
representational frameworks than discrete models for emotion-related systems
that are able to carry out affective behavior [189, 8].

3. Sine both of the two types of emotion models have their own limitations associated with the separate use of each, hybrid emotion models [177, 35] shows
potential benefit in designing comprehensive emotion models.

4. As emotion is complex time-varying psychological response, both of the two
types of emotion models are lack of objective evaluations. Consequently, there
still remains controversial discussion over these models until now.
18

2.3

Audio Feature Extraction and Selection

The aim of feature extraction is to extract a set of representative features to simplify
analysis of raw musical audio data. To this end, this section describes the state-ofthe-art features employed in different levels: low-level physical features, middle-level
perceptual features and high-level semantic features. Figure 2.4 shows an overall
hierarchical framework of feature extraction process from raw data of musical audio
signals to high-level semantic information.

2.3.1

Physical Features

Low-level physical features of digital musical audio signals are regarded as features
that are associated with acoustic or digital signal processing related parameters.
Three basic signal representation domains — temporal domain, frequency domain,
joint-time-frequency domain) [15] are utilized to extract audio signal features. Temporal domain is the analysis of time series of audio signal, for example, root-meansquare and zero crossings. Frequency domain is the analysis of audio signal with
respect to frequency, for example, spectral roll-off, mel-frequency cepstral coefficients
(MFCCs), which is usually considered as spectrum analysis. Joint-time-frequency
domain analyzes audio signals both in the time and frequency domain simultaneously, for example, short-time Fourier transform (STFT), wavelets. In a summary,
a limited selection of commonly extracted low-level physical features from musical
audio signals are summarized in Table 2.4. On the base of these physical features,
statistical analysis of them can be used to produce specific relevant statistic features.

2.3.2

Statistical Features

Statistical features are usually calculated by some statistical operations (e.g., mean,
standard deviation, maximum, minimum, range, etc.) [196, 201] on time-domain
19

High-level semantic description
(emotion, genre, etc.)

Perceptual features of music
(musical features: pitch, loudness,
timbre, tempo, rhythmic clarity,
tonality, harmony, etc.)

Statistical features
(mean, variance, difference, etc. )

Low-level physical features of musical audio
signals
(acoustic or digital signal processing related
parameters, e.g., zero-crossing rate, spectral
centroid, spectral rolloff, MFCCs, etc.)

Pre-processing
(Equalization, windowing,
segmentation, filtering, etc.)

Musical audio signals

Figure 2.4: An overall hierarchical framework with three layers (low-level, middlelevel, high-level) for feature extraction of raw musical audio signals.

20

features, frequency-domain features, or low-level physical features. In addition, first
and second difference are also used as statistical features in [169]. Skewness and
kurtosis applied in [53, 117] demonstrated effectiveness for classification by using
timbre. Let X = {X1 , X2 , · · · , XN } represent a collection of N samples of the raw
musical signal, a limited selection of statistical features are calculated in Table 2.5.

2.3.3

Perceptual Features

Perceptual features of music represent that those perceivable properties of music
which could be perceived by human sensory system. By definition, three basic elements of sound (e.g., pith, loudness, timbre) certainly belong to perceptual features. In addition, other music attributes such as tempo, rhythm and harmony are also of this kind. From literature review on perceptual features of music
[160, 201, 68, 143, 171], a commonly employed perceptual features of music is described as follows.
• Tempo refers to the speed or pace at which a musical work is played, which
is usually indicated in beats per minute (BPM).
• Rhythmic clarity indicates how well the rhythm is accentuated disregarding
the rhythm pattern.
• Tonality is a musical system in which pitches or chords are arranged so as to
induce a hierarchy of perceived stabilities and attractions. Tonality is often
considered as continuous scale ranging from minor to major.

2.3.4

Semantic Features

Semantic features are associated with the high-level meaning of musical audio signals, which utilize the human-recognizable descriptions to express properties of music,
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Table 2.4: The commonly extracted physical features from musical audio signals
Physical Features

Descriptions

Root-mean-square energy The average amplitude of energy from the overall audio
(RMSE)

signals.

Low energy rate

The rate of RMSE over the frames of audio signals.

Zero-crossing rate (ZCR)

The rate of the time-domain audio signals that has
crossed through the zero-level.

Bandwidth

The difference between the upper and lower frequencies
of an audio signal spectrum.

Band energy ratio (BER)

The proportion of the energy in some specific frequency
band compared to the total energy.

Spectral centroid

The center of the magnitude distribution of the audio
spectrum.

Spectral roll-off

The frequency under certain percentage (for example,
95%) of the magnitude distribution is concentrated.

Mel-frequency cepstral

A widely adopted spectrum analysis on the spectral

coefficients (MFCCs)

shape of audio, based on STFT.

for example genre, emotion, and tags. These semantic features can be used in highlevel tasks in MIR, such as audio music mood or genre classification.

2.3.5

Feature Selection

In the post-processing phase, the most relevant cues of the features vector are needed to select. This will provide three main benefits for the models used in music
information retrieval as follows. First, it will improve the model interpretability.
Second, the training times will become shorter. Finally, it will overcome the prob22

Table 2.5: The commonly calculated statistics for low-level features of audio signals
Statistical Features

Descriptions

Arithmetic mean of X:
N
1 X
µX =
Xn
N n=1

(2.3.1)

Standard deviations of X:
σX =

Mean value of absolute value of
the first difference of X:

! 12
(Xn − µX )

(2.3.2)

n=1

1
δX

N −1
1 X
|Xn+1 − Xn |
=
N − 1 n=1

(2.3.3)

2
δX

N −2
1 X
|Xn+2 − Xn |
=
N − 2 n=1

(2.3.4)

Mean value of absolute value of
the second difference of X:

1
N −1

N
X

Skewness is the symmetry of
PN
the distribution of X:

%X =

− µX )3
3
(N − 1)σX

n=1 (Xn

(2.3.5)

Kurtosis is the peakedness of
PN
the distribution of X:

κX =

− µX )4
4
(N − 1)σX

n=1 (Xn

(2.3.6)

lem of overfitting. Sequential backward selection (SBS), sequential forward selection
(SFS) [172], and sparse regression are commonly used in feature selection. A survey
of feature selection techniques for music information retrieval can be found in [170].
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Figure 2.5: An example of regression of music into Thayer’s emotion space with 11
emotion categories.

2.4

Music Emotion Recognition

Music emotion recognition often can be regarded as a regression or multi-classification
problem. Thus, based on the different machine learning methods for regression and
classification, a variety of solutions [245, 134, 135, 217, 112] to music emotion recognition have been proposed by different researchers. Therefore, this section presents
three common methods for music emotion recognition.

2.4.1

Regression Model

Many methods [245, 135] first applied regression models (e.g., support vector regression, logistic regression, etc.) and dimensional emotion models (e.g., arousal-valence
model, please-arousal-dominance model) to predict musical emotion, and then classify music into specific emotion category. Figure 2.5 shows an example of regression
of music into Thayer’s emotion space with 11 emotion categories [74].
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2.4.2

Gaussian Mixture Model

In [134], Gaussian mixture model (GMM) was applied to model emotion-relevant
acoustic features with respect to each emotion cluster (totaly four clusters). Expectation maximization (EM) algorithm was used to learn the model parameters. GMM
also adopted to model six emotions based on the Tellegen-Waston-Clark model in
[217], and the average accuracy of classification is rather high. As for the process of
GMM in music emotion recognition, suppose a collection E = {e1 , e2 , · · · , en } with
n observations of music objects. Assuming that the observations are independent
and identically distributed, and the likelihood that the entire set of observations
belongs to the same emotion cluster C0 is given as follows:
P (E|C0 ) =

n
Y

P (ei |C0 )

(2.4.7)

i=1

Suppose that P (ei |C0 ) is a mixture of K multivariate Gaussians, thus it is given by
P (ei |C0 ) =

k
X

P (l|C0 )P (ei |l, C0 )

(2.4.8)

i=1

where P (ei |l, C0 ) is the probability of ei being produced by the Gaussian of index l
in emotion cluster C0 . Thus, emotions can be recognized from music by GMM.

2.4.3

Hidden Markov Model

Hidden Markov model (HMM) is popular for various recognition applications such
as speech recognition, human activity recognition. In addition, it is also adopted
to recognize hidden information (e.g., emotion) from various sources (e.g., speech,
music, etc.) [4, 158]. Since HMM is a generative model, it generates a sequence
of states, and changes them over time. Given a fixed temporal sequence of musical
audio signals Y = {y0 , y1 , · · · , yT }, where yt ∈ Rn represents musical audio features
at time step t, an emotion state is generated at each time step t. The observation
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(musical audio signals) generation process for each hidden state (emotion) can be
modeled by Gaussian mixture model as follows:
P (yt |Ct ) =

N
X

λi,j · N (yt |ui,j , Γi,j )

(2.4.9)

i=1

where Ct is the emotion state at time step t, and N is the number of HMM states.
N is a Gaussian probability density function with mean ui,j and covariance matrix
Γi,j , and λi,j is the mixture coefficient. The model with the highest probability is
regarded as the corresponding emotion state.

2.4.4

Miscellaneous

Kalman filtering is formulated to estimate a series of measurements observed over
time. Kalman filtering and smoothing was employed to model time-varying musical
emotions expressed by two dimensional arousal-valence emotion model [194]. Dynamic texture model (DTM) was proposed to perform semantic music annotation in
[31]. Furthermore, it was used to model dynamic patterns of 4 categorical emotions
in [227], and experimental results showed that this model is effective. Conditional
random fields (CRF) was employed to model musical emotion dynamics in [193], and
the results demonstrated that prediction error is small, and the accuracy is high.

2.5

Music Retrieval System

The goal of music retrieval system is to make music or related information easier
to index and retrieve. The problem of music retrieval can be formulated as follows:
given a query, the retrieval system will return the most relevant music to match
the query. This section review methods that are widely applied in current research
(metadata-based, content-based, and semantic-based). More importantly, literature
review on emotion-based music retrieval is investigated and studied in detail.
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2.5.1

Music Retrieval Methods: State of the Art

Currently there is a large amount of research work focusing on music information
retrieval. Corresponding to the various features in musical audio, usually three basic
strategies [29] are applied to solve various scenarios in music information retrieval.
The first strategy is based on the metadata information of the music such as title,
artist, genres, lyrics [2], formulating a form of query-by-text music retrieval [160]. As
music content contains a variety of low-level descriptions (e.g., spectrum, MFCCs)
and high-level descriptions (e.g., timbre, rhythm, harmony), some music retrieval
systems adopt the second strategy: content-based method. Consequently, multiple
search modes (e.g., query-by-melody [140, 224], query-by-humming [173], query-byobject) can be used in this strategy. The third strategy is based on the semantic
retrieval of music. Given a query, the retrieval system adopted this strategy will
return music that semantically related to this query. We add another strategy,
named emotion-based, which has becoming increasingly popular due to the impact
of emotion expressed by music in retrieval [156]. The following sections present these
four categories of methods in the context of music in detail.

Metadata-based Retrieval
As textual metadata information such as music name, artist, genre are easily embedded or appended in the musical audio, the most current music retrieval systems
(e.g., Yahoo!music, Allmusic) use these metadata information to index and retrieve
music that the user want to find [225]. The main disadvantage of metadata is that it
maybe not suitable, reliable, or sufficient for describing music [152]. Consequently,
content-based method provides an important way to overcome these problems and
enhance the performance of music retrieval.
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Content-based Retrieval
Music contents contains a variety of music attributes (e.g., artist, genre, pitch, intensity, timbre, rhythm, harmony) and low-level acoustic descriptors (e.g., spectrum,
MFCCs) [29]. Consequently, many researchers carry on music retrieval based on
content-based method concentrating on the features of melody, rhythm, timbre,
harmony, and MFCCs [218, 238, 72, 33]. Music content is represented by acoustic features, and the acoustic similarity between two pieces of music is computed
to carry on music retrieval [67, 203]. As melody is the most intuitive and representative content of music, melody-based retrieval are often used in music retrieval
[43, 14, 140, 239]. Furthermore, [173] proposed to perform melody-based retrieval
by the form of query-by-humming, and [91] retrieved music in the form of query-bytapping via acoustic input. In addition, other music properties such as beat, chord,
and mode also can be used for music retrieval [88, 248, 139]. Apart from music
content, other information such as tags and context [150, 125, 230] also can be used
to strengthen the performance of music retrieval. In [151], a probabilistic model
that combines tags and acoustic similarity was applied for music retrieval.

Semantic-based Retrieval
Recently many research work focus on semantic retrieval of music [222, 58, 34].
Semantic-based music retrieval utilizes the high-level semantic description of music [136].

In order to obtain semantic descriptors, music has to be annotated

by meaningful words.

Different methods of music annotation can be found in

[212, 52, 220, 221], in which a novel audio music will be annotated with semantically
meaningful words usually using a supervised multiclass labeling paradigm. In addition, latent semantic analysis model for automatic musical genre classification [249]
in unsupervised clustering can also be effectively utilized to music annotation. [10]
applies kernel combination to train a support vector machine classifier for annota28

tion. A collaborative model of low-level and high-level descriptors for semantic-based
music retrieval has been presented in [229]. [235] proposed to learn a joint semantic
space form musical audio, artist names, and tags for large-scale semantic annotation
and retrieval of music. A generative context model using Dirichlet mixture model
(DMM) can be used to semantic music annotation and retrieval [149]. Turnbull et al.
[223] considers two representations of acoustic content and social tags or meaningful
words for better semantic music discovery. Semantic-based similarity of music approach [175] detects different instances of the same song and acquires their similarity
degree on semantic-based view. Barrington et al. [9] provides content-based music
retrieval by ranking songs in a database based on semantic similarity, rather than
acoustic similarity. Other methods on music similarity [240, 17, 136] are conducted
from the different aspects of music, which are able to satisfy their separate needs.
In addition, a novel framework for music similarity measurement [249] presents a
multimodal and adaptive similarity measure for music retrieval.

Emotion-based Retrieval
The aim of emotion-based music retrieval is to retrieve music at the emotional
level. Although there are less research works directly addressed the problem of
emotion-based music retrieval, many related works such as music emotion classification or recognition still can be referenced. Lu et al. [134] utilized Gaussian
mixture model (GMM) to classify music emotion into four principal emotion quadrants composed by Thayer’s emotion model. In addition, support vector machine
(SVM) or support vector regression (SVR) are often used to classify music into
supervised emotion categories [126, 118, 74]. As for emotion-based retrieval, four
categories of emotion (happiness, anger, sadness, fear) were trained by using Backpropagation neural network in [62], and then the users retrieved music by browsing
the three-dimensional visualization of feature space associated with specific emo29

tion. Furthermore, Yang et al. [243] applied regression methods to predict musical
emotion in two-dimensional arousal-valence emotion space, and then constructed
a music retrieval system through ranking of musical emotions. Another approach
proposed in [178] is to reduce the acoustic features from high dimensional space to
low dimensional space to represent emotional expression.

2.6

Music Recommendation System

This section first presents the problem of music recommendation, and then reviews
methods that are widely applied in current research (content-based, collaborative
filtering, and hybrid). More importantly, literature review on emotion-based music
recommendation from the aspects of physiological measurement and subjective selfreport measurement is investigated in detail.

2.6.1

Problem Formulation

Music recommendation problem can be formulated as an optimization problem that
finds the optimal list of N music items to recommend to the user. As the number
of candidate music items for recommendation can be very large, and meanwhile the
number of users can also be enormous, it is a challenge to accurately recommend
music items to specific users. Since recommender system has been well studied
during the past decades, the solution to music recommendation can benefit from it.

2.6.2

Music Recommendation Methods: State of the Art

Many information (e.g., music content, playlist or listening historical list, demographics, emotional content etc.) can be applied for music recommendation [27].
Thus, various recommendation methods for music have been proposed [86, 16, 27,
207, 21, 42, 247]. Dependent on the methods commonly adopted in recommender
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systems, naturally, three categories of methods can be applied in music recommendation: content-based filtering, collaborative filtering and hybrid method. We add
another category, named emotion-based, which has becoming increasingly popular
due to the impact of musical emotion and the users’ affective states in recommendation [215, 156]. The following sections present these four categories of methods.

Content-based Filtering
As the name suggest, content-based recommendation analyzes descriptors of item
content provided by the user’s previous ratings. A state of the art of the contentbased recommender system can be found in [132, 166]. Therefore, in the context of
music, content-based filtering for music recommendation is based on music content
(e.g., pith, timbre, rhythm, melody, etc.) analysis of the considered items, which
can be converted to music content similarity problem. For example, Pandora radio
applies content-based filtering method to recommend music with similar characteristics of music content to the ones that the user provided.
As described in Section 2.3, music contents are often measured by a number of
music attributes such as artist, genre, pitch, intensity, timbre, rhythm, harmony,
which consists of amount of music information. Consequently, corresponding to different content information, there are multiple methods for content-based filtering
in music context, for example, metadata-based [28], melody-based [138], harmonybased [153], and fusion acoustic features [141], etc. Consequently, different similarity
measurement such as term frequency-inverse document frequency (TF-IDF) [181],
Cosine similarity, Euclidean distance, and Kullback-Leibler (KL) divergence can be
applied in different scenarios. Hence, there are a large number of works on music
recommendation based on content-based filtering [81, 130, 129]. Corresponding to
two representations of music content - metadata and low-level acoustic features for
music attributes, there are two ways to carry out content-based music recommenda31

tion. The first way for content-based filtering is to directly fetch music content from
metadata such as music title, name, rhythm and harmony information embedded
in audio object (e.g., MPEG format) [86] and then compare them with the that of
other music objects provided by the user’s preference [64, 236]. The second way for
content-based filtering is to extract music features such as pitch, timbre, rhythm,
melody or acoustic features (e.g., MFCCs, spectral, etc.) from music objects and
then compute music content similarity by using these musical features [66, 131, 162].
However, these methods only consider music content, and ignore the users’ behavior
or preference, thus recommendation accuracy need to be improved.
Although content-based filtering can be applied well by using music content, it
has inherent shortcomings from content-based recommendation method [132] and
shows several limitations [63, 228] as follows.

1. Cold Start: In initial stage of recommendation, there is no or insufficient
music items that the user provides for music content matching.

2. Diversity: Recommendation only measures similarity by music content (metadata, acoustic features), and thus given a specific preference of the user, the
recommendation results are the same whatever how many recommendation
conducted. However, other types of music may be also loved. Consequently,
content-based filtering suffers from diversity.

3. Popularity: Popularity and social features of music are ignored, while sometimes it is more important than music content in recommendation.

4. Adaptivity: The user’s behavior, opinion, even emotion state are not taken
into account, thus content-based filtering is not adaptive with regard to the
user’s dynamic interaction and response.
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Collaborative Filtering (CF)
Collaborative filtering for music recommendation predicts the user’s preference for
music items through analyzing the similar users’ behaviors, or preferences. Thus, in
essence, this method only need to consider the similar user’s behaviors or preference,
without requiring analysis of music content [78]. Many commercial applications
apply this method to recommend complex multimedia objects (e.g., music, video).
For example, Last.fm uses collaborative filtering to recommend music based on the
listening behaviors of the similar listeners. The user’s behaviors or preferences can
be formulated by explicit and implicit feedbacks. Explicit feedback may requires a
user to rate a music item (e.g., five star ratings), or search music items. Conversely,
implicit feedback may contain observing the user’s music listening habit. The users’
preferences are usually formulated by an User-Item matrix R. Each row stands for
an user’s preference, and each column represents a music item. The value Ri,j refers
to the rating of the user ui for music item mj .
There are commonly three mechanisms adopted in collaborative filtering for recommendation [209, 184]: Memory-based CF (e.g., item-based, user-based), Modelbased CF (e.g., Bayesian belief net, latent semantic analysis), and hybrid (e.g.,
combing memory-based and model-based). The following sections will present recent advances of these methods in collaborative filtering.

Memory-based CF: This mechanism utilizes matrix R to calculate similarity
between users or music items. Different similarity measurement [205, 142] such as
Peason correlation, vector cosine similarity [23], and conditional probability [103]
can be applied. Item-based [183] and User-based top-N recommendations are the
common ways in memory-based CF. However, memory-based CF still suffers from
some problem such as scalability, local-neighbor search.
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Model-based CF: Model-based CF is dependent on the models of machine learning such as Bayesian, neural networks, matrix factorization. Consequently, there are
a large number of methods contained in model-based CF. Latent semantic model
was adopted to discover unsupervised classification of users and their interests [83],
which performed a singular value decomposition (SVD) on user-item matrix R. In
addition, other matrix factorization techniques [111] can be applied to satisfy different needs. Furthermore, probabilistic latent semantic analysis (PLSA) applies
statistic methods to analyze user-item matrix R [82], for example, the probability
that a user ui gives rating to a music item mj can be represented by
P (R(i,j) |ui , mj ) =

k
X

P (R(i,j) |mj , z)P (z|ui )

(2.6.10)

z=1

Bayesian belief network is a direct graph with probabilistic model on a couple of
variables (e.g., user, item, etc.), which can be applied for classification in CF [22].
Restricted Boltzmann machines can also be used in collaborative filtering [180].
Suppose R is a binary indicator matrix. If the user ui rated the music item mj
as K, R(i,j) = 1; otherwise 0. The prediction for a new mq is given by P (R(i,q) =
1|R). Through experiments, model-based CF often outperforms memory-based CF
in recommendation. Furthermore, the model-based CF are able to deal with the
sparsity problem better than memory-based CF.
Hybrid CF: Hybrid CF often combines other recommendation mechanisms such
as content-based, memory-based, model-based to make recommendation [79]. Although combining these methods can improve prediction performance, the complexity of hybrid CF is certainly greater.
Although CF has been widely used in various of recommender systems, it still
suffers from serval problem [209, 184] as follows.
1. Sparsity: The user-item matrix is always sparsity due to less ratings given
by the users. Thus, this problem also results in cold start problem.
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2. Scalability: In commercial applications, there are massive users and items,
thus scalability for online recommendation becomes a key issue influencing
effectiveness and efficiency of CF recommendation methods.
3. Gray Sheep: Scaled ratings are insufficient to totally express the users’ opinions on music items. However, sometime it is difficult for users to give reasonable and accurate opinions on music items.
4. Shilling attacks: The ratings given by users may be extremely subjective.
For example, they may give too many negative or positive ratings without fair
judgements in rating of music items.

Hybrid Methods
Hybrid methods combines many above described methods (e.g., content-based filtering, collaborative filtering) and various other information (e.g., demographic information, music context, social information, etc.) to perform music recommendation.
Consequently, hybrid methods can solve some problems encountered in contentbased and collaborative filtering. Many research works [223, 24, 42, 202, 101] on
music recommendation choose to apply hybrid methods.
As music content is the core in music domain, content-based and other methods
(e.g., CF) or information (e.g., context, social network) are often combined to construct hybrid recommendation methods. In [5, 42, 50, 105, 247], different strategies
(e.g., Bayesian, mixture, etc.) combing music content and users preference modeled
by CF were applied to construct hybrid methods. As context information for music always play a descriptive role in music mining, some works [223, 208, 77] add
context information [7, 102] to music content. Furthermore, social information were
considered in recommendation by using graph model [24] or semantic web [164].
Combining tags or labels used by matrix factorization, tensor decomposition [154]
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or latent semantic analysis and music content were applied for prediction [219]. As
location or demographic information is quite useful in recommendation, some works
focused on location-based music recommendation by using tags [101]. As recommendation is a dynamic process, temporal information [109, 6] also play a key role
in constructing dynamic music recommendation.

Emotion-based Methods
As music is an art form and the soul of language which makes people invoke emotions,
emotion-based music recommendation provides a more natural and humanized way
to help people better discovery music [215]. Some systems (e.g., Smoodi [121],
MusicalHeart [156], stereomood) have been developed to carry out emotion-based
music recommendation. At present, a considerable amount of research has been
carried out on emotion-based music recommendation. Specifically, [215] proposed
a unifying framework consisting of three stages to recommend music: detecting
emotion state, entry stage, and consumption state. Most approaches are broadly
classified into two groups according to the way of emotion detection or recognition:
physiological measurement and subjective self-report measurement [147].
In psychophysiology, physiological changes (biosignals) such as heart rate and
blood pressure are often applied to recognize emotion in music listening. Many
psychologists have made great efforts on emotion recognition from physiological
biosignals, and there is a large body of works related on emotion recognition from
physiological signals [1, 127]. The affective DJ [51] used physiological response such
as skin conductance to perceive the affective state changes of the user. [107] recognized emotion based on physiological changes acquired by electromyogram (EMG),
skin conductivity (SC), electrocardiogram (ECG), and respiration (RSP) in music
listening. [237] developed a personalized music system named “IM4Sports” for sport
performance, in which the user can select music with a pace matching the heart rate
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or running pace. Moreover, [92] also built a personalized affective music player that
infer user’s current affective state from physiological signals and select music based
on the target affective state and current affective state [93].
In the field of machine learning and music information retrieval (MIR), rather
than focusing on physiological changes, many works focus on applying machine
learning techniques to recognize emotion by mining massive music data through
musical/acoustic features or tag features [126, 245, 134, 196, 87]. In addition, [244]
constructed a ranking-based emotion recognition system which used two-dimensional
valence and arousal cartesian space to represent emotion and obtained the relative
emotionally similar music. For example, [115], mixture media graph were constructed to find association rules for performing emotion-based music recommendation.
In addition, [244] constructed a ranking-based emotion recognition system which
used two-dimensional valence and arousal cartesian space to represent emotion and
obtained the relative emotionally similar music. As for the user’s emotions, [75]
proposed an emotion state transition model to represent human emotions and their
transitions, and then gave context-based music recommendation ontology for modeling user’s musical preferences and context. [95] utilized Smith-Waterman (SW)
algorithm to measure the similarity between the mood sequences and then recommended music list based on this similarity. Furthermore, a personalized hybrid
music recommendation system [133] was built on the user’s interest, which combined content-based, collaborative-based and emotion-based methods. However, all
these approaches ignore the time influence on emotion and fail to track the user’s
time-varying emotion and dynamically recommend music fitting their emotions.
In order to perform music recommendation based on the user’s dynamic emotion,
we need to predict the user’s current emotion based on his or her music listening
list in a short-term session. Most current research works on emotion prediction are
related to regression [245] and Markov model or hidden Markov model (HMM) [195].
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The limitation is that Markov model infers the current emotion state depending on
the previous emotion state. [116] proposed conditional random fields (CRF) to
construct a probabilistic model, which can predict current state depending not only
on previous series of states, but also on successive states. Through the comparison of
these prediction models, conditional random field approach has better performance
in preliminary sequence prediction. More importantly, [193] have applied CRF to
model the relationship between acoustic data and emotion parameters over time,
and finally obtained satisfied performance of musical emotion prediction.

2.7

Summary

This chapter first investigated the relationship between music and emotion. Next,
the state of the art of the emotion theories and their related emotion models were
introduced. Current emotion models are classified by two widely established emotion theories: discrete emotion theory and dimensional emotion theory. Features
extracted from musical audio signals consist of three hierarchical levels: low-level
physical features, middle-level perceptual features and high-level semantic features.
The task of music emotion recognition often can be regarded as a regression or
multi-classification problem, and different methods (e.g., support vector machine,
Gaussian mixture model, hidden Markov model, etc.) for music emotion recognition
have been reviewed. As for the methods that used in music retrieval, we review a
number of models or methods related to semantic music retrieval, especially at the
emotional aspect. Finally, content-based filtering, collaborative filtering, emotionbased, and hybrid methods are also investigated and compared for music recommendation. Overall, the literature review has provided a comprehensive description and
advances on our research topic of this thesis.
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Chapter 3
A Novel Musical Emotion Model
for Music Emotion Recognition
Although there are many works on emotion models and representations, little are
flexible and robust with respect to emotion-related music applications. As described
in Section 2.2, current methods of representation model generally either focus on
discrete emotion models (e.g., Hevner’s adjective circle [80], OCC model [161])
or dimensional emotion models (e.g, arousal-valence model [211], pleasure-arousaldominance model [144]). However, in the domain of music, these methods have
failed to provide flexibility and increased performance in various music applications.
This chapter starts with our method for musical emotion representation - a
resonance-arousal-valence (RAV) model, and presents two forms of its expression: static and dynamic. Next, emotion-relevant features with respect to each
dimension of this RAV emotion space are investigated and selected. Then different
regression models (e.g., support vector regression) are applied to map high dimensional emotion-relevant features to RAV emotion space. Finally, the experimental
results through multiple cross-validations for music emotion recognition are analyzed
and compared with other emotion models adopted in music domain.
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3.1

Introduction

Music plays a significant role in people’s daily life, for example to relieve stress, to
express emotions, to evoke emotions, or even to regulate emotions. During the past
decades, music psychology has become more and more important in the understanding of music expressing or evoking emotions. Consequently, many psychologists have
done extensive research on emotion study, and investigated its mechanism and association with music [114, 98, 185, 97]. Furthermore, physiological measurements
(e.g., heart rate, EEG, ECG) to music listening have been used to study emotions
evoked by music [1, 11, 163, 107]. Thus, classification or recognition of emotions
expressed or evoked by music is the hot research topic in music information retrieval.
How to represent emotion expressed or evoked by music is the key problem in
this chapter. Although some famous emotion models such OCC model, arousalvalence model have been widely applied in music emotion recognition, they fail to
provide flexibility and enhance performance. Therefore, it is necessary to construct
a hybrid representation of musical emotion, combining advantages of both discrete
emotion models and dimensional emotion models. This chapter gives a detailed explain about this novel model to express musical emotion, and also presents two forms
of its expression: static representation and dynamic representation (which will be
applied in Chapter 5). As for the methodology applied in music emotion recognition,
it is similar to the ones (regression methods) presented in the previous chapter but
applied in this novel emotion model. Furthermore, some robust regression methods
(e.g., sparse Bayesian regression) are also used for comparison. Self-assessment evaluation method (user’s self-report) and other commonly applied evaluation methods
(e.g., R-squared, precision and recall rate) were applied in the experiment of music
emotion recognition. Finally, we compared the accuracy of recognition between the
novel emotion model and two-dimensional arousal-valence model.
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3.2

Musical Emotion Representation

The prerequisites and major impediment for emotion-based music applications (e.g.,
recognition, retrieval, recommendation, etc.) is how to construct a flexible and
effective music emotion model that is able to combine both advantages of discrete
emotion theory and dimensional emotion theory for various application scenarios.
To this end, this section will introduce a novel model to represent musical emotion.

3.2.1

Resonance-Arousal-Valence (RAV) Model

As described in the last chapter, two-dimensional arousal-valence emotion model has
been well accepted and demonstrated effectiveness in some applications [134, 243,
48], thus the merits of this model are retained in our model. However, this model is
insufficient to represent emotion information, and has shortcoming of distinguishing
some emotions like fear or anger [74]. As for the three-dimensional PAD emotion
model, the dimension of dominance is not suitable to indicating emotion induced by
music whether dominant or submissive [135]. Therefore, it is necessary to construct
a novel emotion model that can overcome these problems and be applied in the context of music. Fortunately, apart from measurement of two dimensions (arousal and
valence), Bigand et al. [12] found that the third dimension implied an association
with an emotional character measured by musical characteristics like continuitydiscontinuity or melodic-harmonic contrast. Consequently, we apply this finding to
construct a novel three-dimensional music emotion representation. The first and the
second dimensions are identical to arousal-valence model, and the third dimension
suggests particular characteristics of music, like continuity-discontinuity or melodicharmonic contrast. Since the third dimension shows some relation with such music
characteristics like resonance and dissonance, for simplicity of notation, we hence
use the term “Resonance” to denote the third dimension. It is certainly possible to
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Figure 3.1: Illustration of three-dimensional RAV musical emotion model by
Arousal, Valence, and Resonance in Cartesian Coordinates. Emotion-relevant musical audio features are mapped into RAV musical emotion space.
give other more suitable name to denote the third dimension. However, it is unnecessary to verify whether the given name on the third dimension is appropriate or not,
the key point is that we are able to utilize the above mentioned three-dimensional
representation to better express musical emotions [47]. As a result, we can construct
a three-dimensional Resonance-Arousal-Valence (RAV) musical emotion model.
The graphical model of RAV is represented by three-dimensional Cartesian coordinates illustrated in Figure 3.1. In order to adapt to different application scenarios,
we can represent musical emotion in two ways: static and dynamic.

3.2.2

Static representation of musical emotion

The expression for musical emotion of an entire instance of music mi is represented
by Ei = hESi , ravi i, where ESi indicates the specific emotion state, and ravi refers
to ground truth musical emotion values, denoted by ravi = (γ, α, ν). Corresponding
42

Table 3.1: Each emotion state corresponding to a specific
octant of the three-dimensional RAV musical emotion space
Emotion State (ES)

Corresponding Octant

ES1

+R +A +V

ES2

+R +A -V

ES3

+R -A -V

ES4

+R -A +V

ES5

-R +A +V

ES6

-R +A -V

ES7

-R -A -V

ES8

-R -A +V

Note: +R stands for resonance, -R for dissonance, +A for
aroused, -A for unaroused, +V for valence, and -V for not valance.

to RAV musical emotion model, in practice, γ represents resonance-based feature
vector, α refers to arousal-based feature vector, and ν denotes the valence-based
feature vector, as shown in Figure 3.1. An emotion state is regarded as an octant of
RAV musical emotion space, and the detailed definition is given in Definition 3.2.1.
Therefore, this tuple expression of musical emotion combines the advantages of
discrete and dimensional theory for emotion representation.
Depending on RAV musical emotion model, we can naturally divide musical
emotion space into eight octants by three axes. For simplicity of notation, we
denote +R for resonance, -R for dissonance, +A for aroused, -A for unaroused, +V
for valence, and -V for not valence. Emotion state refers to a product of conscious
awareness of changes in feeling musical tones. In a very fine scale, emotion state can
indeed populate a near-continuous spectrum, and there can be many emotion states.
Similarly to color states, color can also populate a vast spectrum, it is nevertheless
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useful to start with a relative small number of discrete descriptors. In the same
way, in this dissertation, emotion state is also controlled in a very fine scale finiteelement. In [241], emotion state is divided into 4 concrete categories: happiness,
anger sadness, and cheerfulness, while in the study of Lu et. al [134], emotion
state is classified by two-dimensional arousal-valence emotion model, constituting
four distinct abstract states. However, it is too board and insufficient to describe
emotion state in discrete scale-space. Therefore, we introduce more emotion states
corresponding to RAV musical emotion model. For the sake of simplicity, each
octant corresponding to RAV musical emotion space can be regarded as an emotion
state. Totally, there are eight finite emotion states, which are abstract and do not
indicate concrete emotion descriptors such as happiness, sadness. In addition, we
can also regard these eight emotion states as eight clusters. Table 3.1 shows all eight
emotion states corresponding to the octants of the RAV musical emotion space.
Definition 3.2.1. [Emotion State] An emotion state is a product of musical emotion
changes, and is modeled as a discrete state that stands for an octant in the threedimensional RAV musical emotion space. Since there are eight octants, there are
consequently eight emotion states, denoted by a collection ES = {ES1 , · · · ,ES8 }.

3.2.3

Dynamic representation of musical emotion

Dynamic representation is given by time series of musical emotions. Furthermore,
dynamic representation of musical emotion is relying on formulation of static representation. Given a fixed temporal sequence of musical audio signals Y = {y0 , y1 , · · · , yT },
where yt ∈ Rn represents musical audio features at time step t, the time series representation of emotion dynamics of Y is given by E Y = {E0 , E1 , · · · , ET }, where
Ei = hESi , ravi i. Figrue 3.2 illustrates an example of time series representation for
musical emotion. Each fixed temporal subsequence yt of music audio signal Y is
associated with a dynamic-specific musical emotion value Ei .
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Figure 3.2: An example of illustration of time series musical emotion representation.
Each fixed temporal subsequence of music audio signal is associated with a dynamicspecific musical emotion value.

3.3

Emotion-relevant Feature Extraction

Measurements on the expression of emotion in music was introduced much earlier
in [200], and the expression of musical emotion is conveyed by elemental attributes
of music. To the best of our knowledge, music has basic elements or attributes
such as pitch, intensity, timbre, tonality, rhythm, melody, tonality and harmony
[160]. All these musical attributes have some effect on emotion induction, and when
listening to music, our brains continuously perceive these musical characteristics. In
fact, these perceptual attributes are measured or represented by low-level acoustic
features such as Mel-frequence cepstral coefficients (MFCCs), spectral shape and
contrast features that extracted form musical audio signals. Consequently, to some
extent, listeners seem to produce emotional feelings by these acoustic features.
Many works investigate various musical attributes or features (e.g. tempo, minor
or major modal, etc.) contributing to the perceived emotional expression [199, 233].
For example, happy music often have relatively rapid tempos, major mode and relatively constant ranges of pitch and intensity, while sad music usually have slow
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tempos, minor mode and fairly constant ranges of pitch and intensity [99]. Since
music attributes are usually represented by various acoustic features such as MFCCs, chroma, statistical spectrum descriptors and octave-based spectral contrast, the
relationship between acoustic features and their emotional impact was studied by
many researchers [196, 108, 201]. Therefore, in the context of RAV musical emotion space, this section presents the association between musical emotion-relevant
features and their major emotional responses such as arousal, valence and resonance.

3.3.1

Arousal-based Features

This feature set refers to music attributes or characteristics that tend to arouse
emotion. Loudness is a perceptual feature that is relevant to arouse musical emotion
in humans [97]. For instance, high loudness is more likely to arouse excited or
joyful emotions or feelings, while low loudness is more easily to arouse neutral or
sad emotions [134]. Furthermore, some works [197, 119, 167] have demonstrated
that loudness contributes mostly to arousal, and indicated that changes in loudness
will result in changes in arousal through observation of psychological response. In
acoustics, energy is often utilized to describe loudness, and average energy of an
excerpt of music is calculated by root-mean-square (RMS) method [117]. Low energy
and high energy express percentage of frames contrasted to average energy. High
frequency energy measures the amount of energy above a certain cut-off frequency,
which reflects the extent of brightness, while low frequency energy is on the contrary.
As entropy is a useful tool to measure information, relative entropy of spectrum
can be utilized to measure the degree of emotion aroused (low-arousal or activity)
[37]. In addition, pitch represents fundamental frequency of a sound, and also has
influence on activating the listener’s emotion. High or low pitch refers to different
emotional expression such as active or inactive. Furthermore, chroma features are
naturally utilized to describe energy distribution by twelve simitone (from A to
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G#) in Western music [153]. Therefore, we choose the above mentioned acoustic
features and some related statistical characteristics (e.g. mean, variance, etc.) of
these features composing arousal-based feature set.

3.3.2

Valence-based Features

This feature set is related to music attributes or characteristics that tend to induce
valence (unpleasant-pleasant) response. Timbre is a key and comprehensive factor
to express negative or positive emotional expressions [188]. For example, a special
timbre may inspire valence response or unpleasant feelings from the listener [134].
The acoustic features often utilized to represent timbre are MFCCs, and statistical
spectrum descriptors (spectral shape and spectral contrast) [108]. Spectral shape
features are usually obtained by short-overlapping frames through Hanning window
and discrete Fourier transform (DFT). Spectral shape features consist of spectral
centroid, flux, flatness and rolloff that represents the frequency less than a specific
proportion of spectral distribution. Spectral contrast features describe the comparison or correlation of spectrum, such as spectral kurtosis, valley, skewness, regularity,
spread and zero-crossing rate [196]. Thus, timbre represented by using MFCCs and
all above mentioned spectrum characteristics is regarded as an important impact
factor for expressing valence. Rhythm also has important influence on invoking
pleasure or displeasure in emotional feelings. For example, a particular rhythmic
music may inspire valence or pleasure feelings from the listener, while non-rhythmic
music often appears boredom or not feeling good. As rhythm reflects different duration over a steady background of the beat, which is often represented by a set of
characteristics such as beat spectrum, beat onsets, onset rate, silence rate, fluctuation, event density and tempo [196]. To summarize, both timbre and rhythm related
acoustic features are extracted to express valence-based features set [134].
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3.3.3

Resonance-based Features

This feature set consists of music attributes like resonance or dissonance, represented by characteristics such as continuity-discontinuity, melodic-harmonic contrast
related features. Melodic intervals usually refers to separately played music notes,
described by ascending or descending musical intervals [137]. By definition described
in Section 2.1.1, harmony refers to simultaneously performed tones or chords, which
represents mixture sounds such as muddy, sharp, and smooth. The flux of six dimensional tonal centroid vector is applied to detect harmonic changes [153]. A harmony
chord (e.g. Chopin’s Nocturne in D flat major, Op. 27) often reflects consonance,
while an unharmony chord (e.g. Mozart’s Adagio and Fugue in C Minor, K. 546)
often reflects dissonance, thus they have an influence on invoking consonant or dissonant emotional feelings. Consonance features of music are often defined by the peaks
of spectrum and their space of these spectral peaks, thus we use spectral peaks and
roughness to describe music consonance attribute. Tonality describes hierarchical
pitch relationship among center key, thus key, key clarity and tonal fusion (frequency
ratio of the component tones). We find that major mode often indicates emotional
resonance, while minor mode often indicates disgust or dissonance emotional feelings
[186]. Therefore, above mentioned melodic intervals, harmony and tonality related
acoustic features are utilized to compose resonance-based feature set.

3.3.4

Feature Selection

Apart from above three types of feature sets, some of their statistical features given
is Section 2.3.2 are also calculated and selected as part of musical emotion-relevant
features. Figure 3.4 shows an example of feature extraction from sample music
“Ode to Joy”. In procedure of feature extraction, not only global features of an
entire music excerpt are extracted, but also local features obtained by segmentation
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Table 3.2: Selected emotion-relevant features extracted from music signals
Dimensions

The Emotion-relevant Features Selected

Arousal

rms mean, rms std, lowenergy, highenergy, brightness mean, entropy mean, entropy std, pitch mean,
pitch std, chroma, diff rms mean, diff entropy mean

Valence

zerocross mean,
spread mean,

flux mean,
rolloff mean,

mfcc,

centroid mean,

regularity mean,

skew-

ness mean, flatness mean, kurtosis mean, beatspectrum, eventdensity, td, acd, onsets times, fluctuation mean, diff onsets times, diff fluctuation mean
Resonance

roughness mean,

roughness std,

key,

keyclarity,

keystrength, tonalcentroid, mode, hcdf mean, hcdf std,
inharmonicity, diff roughness mean, diff hcdf mean
and short-term window frame decomposition are still taken into account, as shown in
Figure 3.3. Furthermore, the first differences of segments and the second differences
of frames are regarded as local statistical features of specific acoustic features.
As there are many musical acoustic features that can be applied by statistical
analysis, it is necessary to select the most emotion-relevant features to formulate
expression of emotion. To this end, the sequential floating forward search (SFFS)
[172] can be applied because of its consistent success in feature selection. We thereby
also adopt the sequential forward selection (SFS) technique to reduce redundant
statistical features for acoustic features. In summary, Table 3.2 presents our selected
emotion-relevant features extracted from musical audio signals.
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Figure 3.3: Segmentation and frame decomposition of sample music: “Ode to Joy”.

Figure 3.4: Feature extraction steps for sample music “Ode to Joy”: (a) spectrum
of segmented and frame decomposed audio waveform, (b) Mel-frequence cepstral
coefficients, (c) repeats or periodicity, (d) chromagram for segmented waveform.
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3.4

Regression Models for Musical Emotion

Music emotion recognition can be solved by regression approaches. Relying on RAV
musical emotion model, musical features are regressed onto emotional response such
as arousal, valence and resonance. Many works have already utilized different regression approaches such as multiple linear regression (MLR) [245, 54], support
vector regression (SVR) [245, 74], least-square regression (LSR) [199, 108] to recognize emotion from music corresponding to arousal-valence model. Corresponding
to our proposed RAV musical emotion model, three distinct regressors are required
to train to approximate rav emotion values of novel music excerpts. The paradigm
is described as follows. Given an input music excerpt xi , its emotion-relevant feature vector: arousal-based feature vector xαi , valence-based feature vector xνi , and
resonance-based feature vector xγi , three trained regressors are used to produce emotion values α, ν, and γ, respectively. Therefore, the emotion expression of xi
can be obtained ravi = (α, ν, γ). This section presents commonly used SVR regression model and robust regression models (sparse Bayesian regression and variational
Bayesian model) to predict musical emotion under the RAV musical emotion model.

3.4.1

Support Vector Regression (SVR)

Support Vector Regression [206] is a regression approach based on the Support
Vector Machine (SVM). The aim of SVM is to find a mapping function to map
the training data from input into a higher dimensional feature space. Given the
training music and emotion data {(xi , yi )}, where i = 1, 2, · · · , n, xi represents
input d-dimensional musical feature vector (xi ∈ Rd ) and yi represents perceived
emotional response such as arousal, valence or resonance in scale. Thus, the fitting
function f (x) is estimated by
f (x) = wT φ(x) + b , w ∈ Rd , b ∈ R
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(3.4.1)

where φ(·) is a transformation function that projects the input into a high dimensional space. To avoid overfitting problem, a capacity control term wT w is added to
this fitting function. Therefore, the standard form for -SVR is given by
l

X
1 T
minimize
w w+C
(ξi + ξi∗ )
2
i=1



yi − wT φ(x) − b ≤  + ξi




subject to
wT φ(x) + b − yi ≤  + ξi∗





ξ , ξ ∗ ≥ 0, i = 1, 2, · · · , n
i
i

(3.4.2)

where two slack vectors ξi , ξi∗ have the same dimensions as yi , and constant C > 0
determines a limitation between maximum margin and estimation error. After using
Lagrange multiplier method, this minimization problem is converted to dual form:
n
n
n
X
X
1X
∗
∗
∗
minimize −
(αi − αi )(αj − αj )K(xi , xj ) − 
(αi + αi ) +
yi (αi − αi∗ )
2 i,j=1
i=1
i=1

Pn
∗
∗
subject to
i=1 (αi − αi ) = 0 and αi , αi ∈ [0, C]

(3.4.3)
where αi and αi∗ are the non-negative Lagrange multipliers. Therefore, the optimal
fitting function in Equation (3.4.1) can be written as:
l
X
f (x) =
(αi − αi∗ )K(xi , x) + b

(3.4.4)

i=1

where K(·) can be regarded as kernel function such as Radial Basis Function (RBF)
or polynomial function, and the bias b can be computed under the Karush-KuhnTucker (KKT) conditions.
As above -SVR approach has the problems of how to determine the constant
C and complex computation, ν-SVR resolves the problems by introducing a new
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parameter ν. Therefore, the standard form for ν-SVR is given by
l

X
1 T
w w+C
(νξ + ξi + ξi∗ )
2
i=1



yi − wT φ(x) − b ≤  + ξi




subject to
wT φ(x) + b − yi ≤  + ξi∗





ξ , ξ ∗ ≥ 0, i = 1, 2, · · · , n
i
i
minimize

(3.4.5)

Following the same procedure to compute w and b in -SVR, the fitting function
can be constructed which is the same as that of -SVR.

3.4.2

Sparse Bayesian Regression (SBR)

Bayesia Regression approach utilize probability distribution p(w) to express uncertainty in model parameter w. Bayesian regression method [13] infers the model
parameter w along with the noise e, thus the regression function is expressed by
y=

N
X

wi K(x, xi ) + ei

(3.4.6)

i=1

where the notation K(·) represents some kernel function which is the same with that
in SVR, wi refers to the kernel weight, and the noise e is assumed to be zero-mean
Gaussian with variance β −1 , denoted by p(ei |βi ) = N (ei |0, βi−1 ). For notational
convenience, this regression model can be written as matrix-vector form:
y = w0 +

N
X

wi K(x, xi ) = ωφ(x)

(3.4.7)

i=1

where ω = (w0 , w1 , · · · , wN )T , φ(x) = [1, K(x, x1 ), · · · , K(x, xN )]T . Suppose y =
y1:k , thus y = Φω T , where Φ refers to an N × (N + 1) design matrix, denoted by
Φ = [φ(x1 ), · · · , φ(xN )]T , with φ(xi ) = [1, K(xi , x1 ), · · · , K(xi , xN )]T .
Sparse Bayesian regression can be also regarded as relevance vector regression
proposed in [213], which assumes a Gaussian prior with separate variance for each
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weight wj , represented by p(ω|η) = N (wi |0, ηi−1 ), where η = [η1 , η2 , · · · , ηN ]. The
posterior distribution of weight ω given by y and parameters η, ω is expressed by
p(w|y, η, β) =
where






p(y|w, β)p(w|η)
= N (ω|µ, Σ)
p(y|η, β)

(3.4.8)

Σ = (ΦT BΦ + U )−1
(3.4.9)



µ = ω = V ΦT By
and U = diag(η), and B = diag(β1 , · · · , βN ). In order to infer these unknown
variables η, and β, after having defined the prior of them, the posterior over all
these unknown variables cab be represented by
p(w, η, β|y) =

p(y|w, η, β)p(w, η, β)
p(y)

(3.4.10)

Rather than computing this joint posterior p(ω, η, β|y), the weight posterior p(ω|y, η, β)
is computed to find maximum a posteriori (MAP) for these unknown variables, and
denote them by ηM P , and βM P . Rely on the Bayesian rule, the update formulas
for model parameters η and β can be computed by maximizing the marginal likeliR
hood p(y|η, β) = p(y|ω, β)p(ω|η)dω, thus the logarithm of the likelihood p(y|η, β)
denoted by L(η, β) can be represented by
Z
L(η, β) = log p(y|η, β) =

p(y|ω, β)p(ω|η)dω

1
= − (N log 2π + log |C| + yT C −1 y)
2

(3.4.11)
(3.4.12)

where C = B −1 + ΦU −1 ΦT . Therefore, through derivation of L(η, β) with respect
to log ηi , by setting it to zero, the weight ηi can be updated by
ηi =

1 − ηi Σii
µ2i

(3.4.13)

Similarly, through derivation of L(η, β) with respect to log β, by setting it to zero,
the weight β can be updated by
β=

N−

PN

− ηi Σii ]
ky − Φµk2
i=1 [1
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(3.4.14)

Then the posterior covariance U and mean µ can be computed by Equation 3.4.9.
Finally, this regression model function can be expressed by
ŷ =

N
X

µi K(x, xi ) + µ0

(3.4.15)

i=1

3.4.3

Variational Bayesian Regression (VBR)

Variational Bayesian regression approach determines an approximate of posterior
density for statistical regression model. Suppose a set of unknown SBR regression
model parameters θ = {w, η, β}, mean field approximation is often adopted to factorize approximation distribution of the unknown parameters in the following form:
q(θ) = q(w)q(η)q(β)

(3.4.16)

VBR seeks to minimize the Kullback-Leibler (KL) divergence between the approximation of q(θ) and posterior parameter distribution p(θ|y). The decomposition
of the marginal log-likelihood log p(y|θ) is expressed by
Z
log p(y|θ) =

p(y, θ)dθ

= F (θ) + KL(q(θ)||p(θ|y)

(3.4.17)
(3.4.18)

where F (θ) is a variational low bound on log p(y) and KL(q(θ)||p(θ|y) represents
KL divergence between the approximation q(θ) and p(θ|y).
Z

p(y, θ)
dθ
q(θ)
Z
q(θ)
KL(q(θ)||p(θ|y) = q(θ) log
dθ
p(θ|y)
F (θ) =

q(θ) log

(3.4.19)
(3.4.20)

In order to obtain q(θ), we maximize the variational bound F (θ), and assume q(θ) =
arg maxq(θ) F (θ) , which can be converted to minimize the KL(q(θ)||p(θ|y).
q(θi ) = R

exp{I(θi )}
exp{I(θi )}dθi
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(3.4.21)

where I(θi ) =< ln p(y, θ) >k6=i denotes the expected value with respect to q(θi ) for
all k 6= i. Therefore, the variational inference iteratively updates q(θi ) by assuming some initial distribution q(θ0 ), until convergence to a local maximization. The
detailed computation process can be found in [60].

3.5

Experiment: Music Emotion Recognition

This section describes the experiment of music emotion recognition. The objective
of this experiment is to evaluate the effectiveness of our proposed three-dimensional
RAV musical emotion model for music emotion recognition. Specifically, we relate
musical audio features and their emotional impact based on this model, and apply
different dimension reduction methods (e.g. PCA, Graph Embedding) and regression methods (e.g. support vector regression, Bayesian regression, etc.) to process
musical audio features. Furthermore, in the user study of evaluating emotions induced by music, both subjective (self-report) and objective (physiological measures)
evaluations have been applied to training music dataset. Moreover, we also present
some evaluation metrics and finally give experimental results and discussions.

3.5.1

Method

Participants
There were a total of sixty-five participants (37 males and 28 females) from the
Hong Kong Baptist University participated in this experiment, and all of them were
undergraduate or graduate students. The average age was twenty-four years, with
range from 18 to 30 years. We divided these participants into two groups based
on their music knowledge and background. Twenty-three participants have received
some level of musical education or have music relevant background and are referred
to as musicians group. The other forty-two participants do not have any musical
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knowledge and background and are referred to as non-musicians group.

Music Dataset
We have chosen 275 western classical music excerpts from Amazon MP3 store, StockMusic, RWC music database and Last.fm to form our dataset. The styles of
these music excerpts contain concerto, sonata, symphony, and string quartet, and
the composers of these excerpts of classical music include Bach, Beethoven, Brahms, Chopin, Haydn, Mozart, Schubert, Schumann, Tchaikovsky, and Vivaldi. The
selected music excerpts can illustrate a wide range of emotional responses distributed throughout RAV musical emotion space to induce differentiated emotions from
listeners. We choose those representative music excerpts that are able to evoke emotions expected in the experiment. For instance, the selected excerpt from Mozart’s
Fantasia in D Minor was used to evoke the listener’s tense emotion. Additionally,
all music audio excerpts are converted to the uniform format, with sampling rate
22050 Hz, 16 bits, 705 bit rate, and stereo channel. Each experimental music clip
is truncated to 30 seconds length to avoid a long piece of music associated with
multiple emotions.

Experimental Design and Procedure
In the emotion rating experiment, the participants came to the laboratory and
are explained the concepts of RAV musical emotion model: arousal, valence, and
resonance. Participants were required to fill out self-report questionnaires online
(provided in Appendix) to collect their ratings of arousal, valence, and resonance
values from the given music excerpt after they listened it. Specifically, the range
of rating scale for arousal is from 0 to 10. They were told that the higher arousal
values corresponded to feeling an emotion more intensely or activating an emotion
more strongly, whereas the lower arousal values were associated with less emotional
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intensity. The range of rating scale for valence is from −5 to 5. They were told that
positive valence values represent those pleasure emotions (e.g. joy, exciting, etc.),
and negative valence values represent displeasure emotions (e.g. anger, sad, etc.),
and 0 refers to neutral feelings of valence. Similarly, the range of rating scale for
resonance is also from −5 to 5, where positive values represent music consonance,
and negative values represent music dissonance. They were asked to rate resonance
values that sound more consonant, like beautiful, euphonious in melodic-harmonic
characteristics, whereas are referred to as dissonance. All participants were allowed
to listen to each clip of music more than once before making ratings.
In addition, after the participants listened to each given training music excerpt,
they were required to choose one label that best describe the perceived emotions
from list consisting of 23 predefined emotion labels. The predefined music emotion
labels were carefully selected from the labels of OCC emotion model and commonly
used music emotion categories given in [85]. Table 3.3 shows 23 most frequently
used musical emotion labels in our experiment. Figure 3.5 shows that these emotion
labels are classified into three categories: positive, negative, and neutral.
The whole rating and labeling procedure is that each participant listened to each
given training music excerpt by headphone, and then gave their ratings of arousal,
valence, and resonance respectively, and finally selected one emotion label that best
express emotion evoked by the listened music excerpt. Each training music excerpt
is guaranteed to be listened to, rated and labeled at least by ten participants.

Data Acquisition and Analysis
After all training data of music excerpts were rated and labeled, we can acquire a
amount of self-reported emotion values from all participants. Our analysis consists
of several steps. We first analyze the quality of self-report emotion ratings. Then
we explain ground truth musical emotion normalization and computation.
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Table 3.3: The selected music emotion labels used in the experiment
Anger

Angst

Aggression

Brooding

Calm

Desire

Distress

Dreamy

Earnest

Exciting Fear

Grief

Happy

Joy

Pessimism Pleased

Romantic Sad

Satisfaction Tense

Confident

Pride

Upbeat

Note: 23 most frequently used musical emotion labels in alphabetical order.

Figure 3.5: These 23 emotion labels are classified into three categories with 12
positive emotions, 10 negative emotions, and 1 neutral emoiton.

Emotion self-report quality: Frequency distributions of all participants’ selfreport emotion ratings for arousal, valence, and resonance of all training music
excerpts are collected and shown in Figure 3.6. Furthermore, we can see that there
are twin peaks in the frequency distribution of arousal corresponding to low and high
arousal rating values. The frequency distribution of valence is approximate normal,
and the frequency distribution of resonance towards consonance and dissonance.
The rating quality of two groups (musicians group, non-musicians group) given the
same training music excerpts are also compared. Table 3.4 shows the comparison of
means and standard deviations (SD) of rating deviations for two groups. We notice
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Figure 3.6: Self-reported frequency distribution for arousal, valence, and resonance.
The distribution for arousal ratings (low and high) and resonance ratings (consonance and dissonance) tend to the binomial distribution, while the distribution for
valence ratings is more focused on positive values.

that the musician group has better rating quality and reliability than non-musician
group, because it has smaller standard deviations. Furthermore, as we can see both
in two groups, SD(arousal) < SD(valence) < SD(resonance). That is because rating
arousal is much easier than rating valence and resonance for the participants. The
rating of resonance has the largest standard deviation (SD = .9252), because consonance based on musical intervals and continuity-discontinuity characteristics are
difficult to perceive and evaluate, especially for the non-musician group. Relying
on the statistics of emotion labels for given training music excerpts from all participants, the most selected emotion label for each given music excerpt is regarded
as the ground truth emotion label for that music, and each training music excerpt
is associated only with one emotion label form predefined list of 23 emotion labels. Figure 3.7 shows the emotion label distribution for 200 training music excerpts.
Each emotion label has a part number corresponding to the training music excerpts.
As we can see, the labels “sad”, “happy”, and “calm” are the most selected labels.
Ground truth musical emotion normalization and computation: We assumed that
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Table 3.4: Comparison of the means and standard deviations of self-report
emotion ratings between musician and non-musician groups
Arousal

Valence

Resonance

Mean

SD

Mean

SD

Mean

SD

Non-musicians

1.7816

0.4323

2.1650

0.5867

2.8156

1.2780

Musicians

1.0505

0.2240

1.7581

0.3562

2.3416

0.9252

Note: the musicians group has better emotion rating quality than the nonmusicians group. It is the easiest for both two groups to rate arousal values, and
rating resonance is the most difficult.

Figure 3.7: The overall 23 emotion labels distribution for 200 training music excerpts. The labels “sad”, “happy”, “calm” are the most selected emotion labels.
the real musical emotion values of arousal, valence and resonance for each training
music excerpt were calculated by the weighted mean of two groups of participants.
After that all values of arousal, valence and resonance were normalized to a continuous scale from −1 to 1, representing the ground truth musical emotion value.
Figure 3.8 shows musical emotion distribution of training music excerpts in three61

dimensional RAV musical emotion space. Figure 3.9 shows 23 emotion labels in RAV
space based on the averaged musical emotion value. To predict musical emotions of
the novel music excerpts within RAV musical emotion space, we need to construct
three distinct regressors to generate arousal, valence, and resonance values, respectively. The regressors should be trained perfectly to be close to the ground truth
emotion values. Therefore, we applied three different regression approaches such
as support vector regression, sparse Bayesian regression, and variational Bayesian
regression to construct our regressors to produce predictions of emotion values.
In order to train our regressors, emotion-relevant musical audio features should
be extracted first. According to the previously described emotion-relevant feature
extraction in Section 3.3, we utilized MIR toolbox [117], Marsyas [226], and PsySound3 [26] to extract particular musical audio features to construct our arousalbased features, valence-based features, and resonance-based features, respectively.
During musical audio data preprocessing, each 30 seconds music excerpt was segmented (10 seconds) and then frame (4 seconds) decomposition was carried out with
half overlapping. For each frame, arousal-based features, valence-based features, and
resonance-based features were extracted respectively. Furthermore, some statistical
1
values of these features such as mean, variance, the first difference of segment δsegment

and the second difference of frame δf2rame were also calculated and regarded as corresponding emotion-relevant features. Therefore, totally there were 64 arousal-based
features, 88 valence-based features, and 49 resonance-based features to extract in
this experiment. To balance the categories with respect to the emotion states of
music for regressor training, we carefully choose representative 160 music excerpts
from the training dataset to train regressors. We applied different tools such as
LibSVM [32] library for support vector regression, and relevance vector machine
(RVM) [213] for sparse Bayesian regression, and variational Bayesian regression to
train different regressors. Finally, through evaluation of regression performance for
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Figure 3.8: Musical emotion distribution of training data in RAV emotion space.

Figure 3.9: Emotion labels are in RAV space based on the averaged emotion value.
trained regressors, the optimal regressors selected based on regression metrics (e.g.
R-squared, explained variance score) were applied to prediction of musical emotions.
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3.5.2

Evaluation

To our knowledge, R-squared is a commonly used statistical measurement to determine how well the regression model does. Suppose ŷi is the prediction by our
trained regressor, yi is assumed to be the observed data, where i = 1, · · · , N , thus
P
ȳ = N1 N
i=1 yi , and the formula for R-squared calculation is given by
PN

R-squared = 1 − Pi=1
N

(yi − ŷi )2

2
i=1 (yi − ȳ)

=1−

MSE(Y)
Var(Y)

(3.5.22)

where MSE is the mean squared error, and Var stands for the variance of prediction.
Moreover, explained variance score were also applied in [148] to compare the
performance of different regression methods, and obtained good evaluation results.
Therefore, to evaluate the performance of different regression methods such as SVR,
SBR, VBR, we also adopted this evaluation metric, and used 3-fold cross validation
method that splits music dataset into training set, validation set and test set for
music emotion recognition. The expression of explained variance score for evaluation
of regression models can be represented by
Υ(yt , yp ) =

Var(yt ) − Var(yt − yp )
Var(yt − yp )
=1−
Var(yt )
Var(yt )

(3.5.23)

where yt refers to the test value, yp represents the predicted value. Therefore, if
Υ(yt , yp ) = 1, yp = yt that means the result of regression prediction is perfect. The
smaller Υ(yt , yp ) is, the worse regression prediction is produced. Thus, if Υ(yt , yp ) <
0, the result of regression prediction is poor.
In order to evaluate the performance of RAV musical emotion model for music
emotion recognition, emotion model is evaluated by relative emotion similarity.
∆=

||ei − ej ||
||ei ||

(3.5.24)

where ei , ej represent the emotions of music excerpts i and j, respectively. Relying on
the above evaluation results of different regression methods, we choose the optimal
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regressors to generate predictions on RAV musical emotion values for music, denoted
p
by ||e|| = γ 2 + α2 + ν 2 . In a selected small finite music dataset, suppose that ||ei ||
is the largest, thus the ratio ∆ is confined by 0 ≤ ∆ < 1. If ∆ = 0, the performance
of music emotion model is perfect. If ∆ gets close to 1, the performance of emotion
model for music is poor. Otherwise, the performance is good. To compare with
other emotion model, we selected two-dimensional arousal-valence emotion model as
the benchmark, where the musical emotion values expressed by this arousal-valence
√
emotion model is calculated by ||e|| = α2 + ν 2 .
We employed precision rate, recall rate, and F1 score to evaluate the performance
of music emotion recognition by regression models.
TPi
TPi + FPi
TPi
Recall =
TPi + FNi
Precision × Recall
F1 Score = 2 ×
Precision + Recall
Precision =

(3.5.25)
(3.5.26)
(3.5.27)

where TPi denotes for true positive - number of music correctly recognized as emotion i, FPi denotes for false positive - number of music incorrectly recognized as
emotion i, and FNi denotes for false negative - number of music that not recognized
as emotion i but that should have been. F1 score considers both precision rate and
recall rate of the test to calculate a score.
In the experiment of music emotion recognition, all evaluations were carried out
using 5-fold cross-validation, in each round of which four randomly generated folds
of the music data were used for training the regression models and the fifth fold was
reserved for testing. Finally, the average values of evaluation metrics are calculated.

3.5.3

Experimental Results

This section provides a breakdown of the results from our analysis and observations
for music emotion regression and recognition based on RAV musical emotion model.
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Regression Performance Analysis for Musical Emotion
Under the same configuration and operating conditions for music emotion regression, Table 3.5 shows the experimental results of three different regression methods
(SVR, SBR, VBR) for predicting musical emotion values: arousal, valence, resonance, respectively. Overall, there is no significant difference of the performance
among three regression methods. However, there are still some slight discrepancies
between them. We suppose SVR as the regression baseline. As we can see, R-squared
and explained variance score Υ were slightly larger for SBR than for baseline. We
found that R-squared and Υ were slightly larger for VBR than for SBR, that is
because VBR is a robust regression method based on SBR. Therefore, we can regard that VBR performs the best for musical emotion regression task. Furthermore,
compared with arousal, valence, and resonance, R-squared and Υ for arousal were
the largest, and R-squared and Υ for resonance were the smallest (Υα > Υν > Υγ ).
This phenomenon means that arousal is predicted the best and resonance is predicted the worst. In summary, the average regression accuracy for VBR can reach
R-squared = 0.633 and Υ = 0.6465. Consequently, the results of VBR for predicting
musical emotion values were applied in the following experiments of this chapter.
In designing of regressors, in particular if we have more training data of musical
excerpts, it may give better predictions of musical emotion values.

Analysis of Music Emotion Recognition
We compared the performance of the three-dimensional RAV music emotion representation with the two-dimensional arousal-valence emotion representation. Different test scenarios on music corresponding to different emotion states was carried out,
and the averaged values for ∆ with respect to the two representations were calculated. Table 3.6 shows the comparison results of different emotion representations in a
small test tube. From the table, we can see that the mean value of ∆ for RAV model
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Table 3.5: Comparison of coefficient of determination (R-squared) and
explained variance score (Υ) for arousal, valence, and resonance obtained by three difference regression methods (SVR, SBR, and VBR).
Arousal
R-squared

Υα

SVR

0.7249

SBR

0.7381

VBR

0.7108

Valence
R-squared

Resonance

Υν

R-squared

Υγ

0.7556 0.6119

0.6142

0.5374

0.5496

0.7395

0.6296

0.6376

0.5456

0.5558

0.7415

0.6328

0.6340

0.5554

0.5639

Υα , Υν , Υγ stand for the ratios of variances for arousal, valence, and resonance regression, respectively. If Υ is closer to 1, the regression performance
will be better, and if Υ < 0, the regression performance is poor.

Table 3.6: Comparison of relative musical emotion similarity with respect to two types of music emotion representation (two-dimensional
arousal-valence and three-dimensional resonance-arousal-valence)
Music Emotion Representation

Mean ∆

SD ∆

Arousal-Valence

0.4860

0.3286

Resonance-Arousal-Valence

0.3907

0.2538

Note: The notation ∆ refers to the ratio of musical emotion similarity for
music excerpts. If ∆ gets close to 1, the performance of the model is poor.
Conversely, if ∆ is closer to 0, the performance will be better.

(∆ = .3907) is smaller than that of arousal-valence model (∆ = .4860). In addition,
the standard deviations (SD = 0.3286) of ∆ for arousal-valence model is bigger than
that of RAV model (SD = 0.2538). That is because the third dimension “resonance”
also have a positive effect on distinguishing emotions conveyed by music, while the
two-dimensional arousal-valence representation is insufficient to distinguish slight
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Table 3.7: Results (precision, recall, and f1 score) obtained for music emotion
recognition in RAV emotion model
Emotion Categories

Precision

Recall

F1 Score

Positive Emotion

81.12%

78.91%

80.00%

Negative Emotion

76.76%

76.83%

76.79%

Neutral Emotion

88.56%

86.11%

87.32%

Average Stats

82.15%

80.62%

81.37%

emotion differences expressed by music. Consequently, three-dimensional RAV music emotion representation demonstrated better performance than two-dimensional
arousal-valence emotion representation in the context of music.
Furthermore, precision rate, recall rate, and F1 score were computed for music
emotion recognition in RAV musical emotion space. Table 3.7 shows the results obtained for music emotion recognition by regression method in RAV musical emotion
model. As mentioned previously, there are 12 emotion labels belonging to positive
emotion category, 10 emotion labels belonging to negative emotion category, and
1 emotion label belonging to neutral emotion category. The F1 score of music in
neutral emotion category (F1 Score = 87.32%) is the largest. That is because neutral emotion category only contains one emotion label - “calm”. Furthermore, from
the Figure 3.9, we can notice that the “calm” is far away from other two emotion
categories. The F1 score of music in negative emotion category (F1 Score = 76.79%)
is the smallest. Because, the emotion labels of negative emotion category in Figure 3.9 are relatively more intensive than that of positive emotion category. The
overall precision, recall, and F1 score of music emotion recognition are all up to
80%, thus this RAV musical emotion model is effective in modeling music emotional
content. Figure 3.10 shows the confusion matrix of test data for music emotion
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Figure 3.10: The confusion matrix of test data for music emotion recognition.
recognition with respect to coarse emotion classification. We also find that music
associated with positive emotions are more easily recognized that that with negative
emotions. That is because the emotion labels in negative emotion category has the
smaller emotion similarity that that in positive emotion category.

3.6

Summary

In this chapter, we introduced an novel representation for musical emotion model resonance-arousal-valence. It can be flexibly represented in two forms: static and
dynamic. Emotion-relevant features with respect to each dimension of this RAV emotion space were investigated and selected. As we used regression method to solve
the problem of music emotion recognition, commonly used support vector regression model and robust regression models (sparse Bayesian regression and variational
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Bayesian model) to predict musical emotion under the RAV model were presented. In the experiment, we applied self-report method to collect the ground truth
of emotion expressed by music, and multiple cross-validations for music emotion
recognition were analyzed and compared with two-dimensional arousal-valence emotion model. The experimental results for emotion recognition from music showed
that three-dimensional RAV music emotion model demonstrated better performance
than two-dimensional arousal-valence emotion model in music specified domain.
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Chapter 4
Music Retrieval in Joint Emotion
Space Using Audio Features and
Emotion Tags
In previous chapter, music emotion recognition is achieved by regression of contentbased emotion-relevant acoustic features into three-dimensional RAV musical emotion space. In reality, users are more comfortable and easier to describe emotions
invoked by music using emotional tags such as happy, sad, and calm. Therefore, it
is necessary to jointly utilize both emotion-relevant acoustic features and emotional
tag features to construct a joint emotion space model (JESM) that is backward
compatible with RAV musical emotion model. Consequently, a unified framework
can be established for music emotion annotation and retrieval.
This chapter first describes how to build an optimal JESM. Next, a unified
framework for music annotation and retrieval in emotion level will be proposed.
Then, three query ways (query-by-music-object, query-by-emotion-tag, and hybrid)
for music retrieval in the learnt joint emotion space will be discussed. Two multiobjective optimization methods (weighted sum method and non-dominated sorting
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genetic algorithm) for finding the optimal retrieval results are employed. Finally,
common evaluation methods for annotation and retrieval (e.g., Precision k, mean
average precision, etc.) will be described, and three experiments will be carried out
to evaluate the performance of JESM, music emotion annotation, and retrieval.

4.1

Introduction

With the astounding growth of music on the Internet, music retrieval is extremely important for discovering music that fit users’ needs. As mention in Section 2.5, current
methods for music retrieval are mainly classified into three types: metadata-based,
content-based, and emotion-based. Most of commercial music service providers (e.g.,
Myspace, AllMusic, Yahoo!Music, etc.) utilized metadata information such as music title, genre, album, lyrics, and biography to search music. Some applications
(e.g, Musipedia, Themefinder, Pandora radio, etc.) employ content-based method
to search music relying on melody, rhythm, timbre, harmony, which provide advanced search options different music contents. As for emotion-based method, it is
a natural and profound way to design semantic search engines of music.
In previous chapter, we have already built a RAV musical emotion model that
can be used for emotion-based music retrieval. However, it is not flexible and difficult
to deal with emotional tags or labels for music. Therefore, this chapter will resolve
this problem. Both emotion-relevant acoustic features and emotional tag features are
combined to learn an optimal joint emotion space model (JESM) that is backward
compatible with RAV musical emotion model. Consequently, a unified framework for
music emotion annotation and retrieval is naturally built up and it yields three query
ways for music retrieval. Furthermore, two multi-objective optimization methods
(weighted sum method and non-dominated sorting genetic algorithm) are applied in
ranking algorithm to find the optimal retrieval results.
72

Figure 4.1: The overview of a unified framework for music retrieval based on the
joint emotion space model.

4.2

The Overview of a Unified Framework for Music Retrieval

The novelty of our proposed framework is the combination of musical audio features
and emotion tag features to construct a joint emotion space model that can conveniently perform music emotion annotation and retrieval. Figure 4.2 depicts the
overview of our proposed unified framework for emotion-based music retrieval. The
paradigm of proposed retrieval system is given as follows. First, users can input
multiple types of queries such as emotion tags, music objects, and hybrid to the
system. Next the feature extractor extracts features of queries to formulate query
feature vector. Then the query feature vector and the joint emotion space which is
learnt by training music data from music database can be used for music emotion
annotation. Furthermore, given the query feature vector, music emotion ranking is
performed in the joint emotion space to find the optimal top-N ranked music list at
the emotion level. Finally, the user can obtain the optimal query results.
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Figure 4.2: Illustration of Joint Emotion Space Model (compatible with RAV musical
emotion model) that fuses information from musical audio features and emotion tags.

4.3

Joint Emotion Space Model

Apart from musical audio content, emotional tags also play an important role in
improving the performance of emotion-based music applications. Hence, we propose
to jointly utilize musical audio features and emotional tag features to construct a
joint emotion space model (JESM) which is backward compatible with RAV musical
emotion model, as illustrated in Figure 4.2.

4.3.1

Musical Audio Feature Space

Audio features basically contain meaningful acoustic information extracted from
audio signals. Thus, corresponding to the RAV music emotion model presented in
Chapter 3, musical audio feature space consists of resonance-based features, arousalbased features and valence-based features, denoted as feature vectors γ, α, ν, respectively. Given N pieces of music in audio format, we formulate a music-to-acoustic
feature matrix XK×N = [R | A | V]T , where K is the total number of emotionrelevant acoustic features of music, and X = {x1 , · · · , xN } with xi ∈ RK . We focus
74

on linear dimension reduction scenario, and aim to find an optimal matrix HK×d
to project a higher dimension audio features of music to a lower dimension joint
emotion space Rd : Y = X T H, where Y = {y1 , · · · , yN } with yi ∈ Rd , such that the
P
2
reconstruction error summed over the music dataset N
i=1 k xi − x̃i k is minimized.
Graph Embedding (GE) attempts to find the projective map that optimally preserve the neighborhood structure of the original dataset [242]. The general procedure
for the formulation of GE is described as follows. Given a graph G = {X, W } with
N vertices X = {x1 , · · · , xN }, each vertex xi refers to a piece of music. Let W be a
symmetric adjacency matrix, where Wi,j represents the weight of the edge (xi , xj ).
Therefore, this graph G preserves the topology and the relationship among the original music objects. We aim to find the optimal low-dimensional representation for
P
this graph by minimizing weighted least square error: i,j kyi −yj k2 Wi,j . Therefore,
the optimal projection matrix H is obtained by the following optimization problem:
minimize
H

trace(HT XLX T H)
(4.3.1)
T

T

subject to H XDX H = I
where D is a diagonal matrix with Di,i = Σj Wi,j , and L = D − W is the graph
Laplacian matrix, and I is the identity matrix. Through computation of eigenvalues
by Equation XLX T H = ΛXDX T H, the optimal projection matrix Ĥ are regarded
as the eigenvectors corresponding to the maximum eigenvalue. As the similarity matrix W can be formulated by different similarity criteria such as Euclidean distance,
cosine similarity, other similarity criteria applied in dimension reduction methods
(e.g., Laplacian Eigenmap, Locally Preserving Projections, and ISOMAP ) also can
be attempted. In order to simplify the computation, we adopt similarity computation in the context of music by the form of X T X to measure all pairwise emotional
similarities of music, and then set an appropriate threshold for nearest neighbors to
formulate adjacency matrix W . Therefore, the optimal music-to-emotion projection
matrix Ĥ can be computed by using graph embedding method.
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4.3.2

Emotion Tag Feature Space

Emotion tag features are also taken into account for musical emotion. Considering
that the range of tags is wide and uncertain, with respect to specificity, the range of
tags is confined to commonly used emotion vocabulary (e.g., happy, sad, romantic,
etc.). We suppose in our scenario that a finite collection of emotion vocabulary
T = {w1 , w2 , · · · , wC } consists of C unique emotion tags. Emotion tag features are
given by a vector of probability of the emotion tags associated with a given piece
of music object, denoted by p = (p1 , p2 , · · · , pC ). Through experience, each piece of
music is associated with a small number of emotion tags. To eliminate unsuitable
emotion tags from T , we adopt the strategies of support and confidence offered by
Association Rule to analyze the relationship between music and given emotion tags.
The search hit of web-based search engine in music domain is used to calculate
the support and confidence. The support and confidence of given music object Y
associating with emotion tag wi are defined by
f (Y, wi )
f (X)
P (Y ∩ wi )
f (Y, wi )
Confidence(Y → wi ) =
=
P (Y)
f (Y)
Support(Y → wi ) = P (Y ∪ wi ) =

(4.3.2)
(4.3.3)

where f (X) is the total number of search hits for the whole music collection X, and
f (Y) is the number of search hits of music object Y with Y ⊆ X, and f (Y, wi ) is
the number of search hits containing both Y and wi . If the support and confidence
of association Y → wi exceed some predefined minsup (minimum support) and
minconf (minimum confidence) threshold values respectively, we regard music object
Y expresses an emotion represented by emotion tag wi , with a probability pi =
Confidence(Y → wi ). Therefore, an emotion tag vector for Y p(Y) = (p1 , p2 , · · · , pC )
is obtained through computation of all supports and confidences for association rule
of music object Y and each emotion tag.
Given N pieces of music in music collection X, we formulate a matrix PN ×C
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of music and emotion tag, whose columns correspond to emotion tags and rows
correspond to music. Since only a small set of emotion tags are associated with each
piece of music, which can be obtained by setting suitable threshold values of minsup
and minconf, P is a spare matrix. The similarities based on emotion tag features
between pairwise of music can be calculated by inner product P P T . To project a
higher dimension emotion tag space onto a lower dimension joint emotion space,
we need to learn a projection function: Φ(T ) → Rd . We utilize Latent Semantic
Analysis (LSA) approach to map emotion tag space onto the joint emotion space
Rd by using Singular Value Decomposition (SVD): P = U ΛS T , where U is the
N × r matrix, Λ is the r × r diagonal matrix consisting of singular values of P in
descending order, and S is the C × r matrix. We truncate the first d eigenvalues of
diagonal matrix Λ corresponding to the dimensionality of the joint emotion space,
and assume Pˆd is the closest approximation to P , where Pˆd minimizes the Frobenius
norm over all rank-d matrices ||P − Pd ||F . Thus, the projection from emotion tag
space RC to the joint emotion space Rd is computed by Y T Sd . For simple notation,
we denote Sd = B, thus the projection matrix for emotion tag features is B.

4.3.3

Model Selection

The goal of model selection for joint emotion space is to select an appropriate number of dimensionality of joint emotion space. That’s to say, at a given dimension
d for the dimensionality of the joint emotion space, we expect that both music
audio feature projection X T H and emotion tag feature projection Y T B can best
approximate music emotion in this joint emotion space Rd . Given N pieces of music
X = {x1 , · · · , xN }, the joint loss function for projection from audio feature space
RK and emotion tag feature space RC to the joint emotion space Rd is given by
J(Ω) =

N
X

JA (HyiT , xi )

i=1

+

C
X
j=1
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JT (BtT
j , pj )

(4.3.4)

where Ω = (H, B), JA (·) is the loss function for projection form musical audio feature
space, and JT (·) is the loss function for projection form emotion tag feature space.
In order to minimize above joint loss function, regularization is introduced to solve
the convex optimization problem. The regularization strategy is applied through
penalization of projection matrix Ω by `1 /`2 norm [3], which yields the following
optimization problem:
( N
)
C
X
X
2
minimize
JA (HyiT , xi ) +
JT (BtT
j , pj ) + λkΩkl1 /l2
Ω

i=1

j=1

(4.3.5)

subject to xi = HyiT , HHT = IK ,
T
pj = BtT
j , BB = IC , Ω = [H, B].

where λ ≥ 0 specifies the trade-off between the joint loss function and regularization.
1

Note that this regularization is equivalent to one via trace norm ||Ω||tr = tr(ΩT Ω) 2 .
minimize
Ω

( N
X

JA (HyiT , xi ) +

i=1

C
X

)
2
JT (BtT
j , pj ) + λkΩktr

(4.3.6)

j=1

Alternating minimization (AM) method [40] can be applied to solve optimization
ˆ

problem (4.3.6). Consequently, we can learn the optimal joint emotion space Rd .

4.4

Music Emotion Annotation

This section first presents problem formulation for music emotion annotation, and
then gives our supervised annotation solution to this problem.

4.4.1

Problem Formulation

The purpose of music emotion annotation is to find a set of emotion tags Te from
emotion vocabulary collection T = {T1 , T2 , · · · , TC } that are appropriate for expressing emotions conveyed by a given piece of music Y, where Te ⊆ T . Under this
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supervised annotation formulation, annotation can be regarded as determining the
presence or absence of each emotion tag Ti in expressing musical emotion.

4.4.2

Supervised Annotation Approach

After the joint musical emotion model is well-trained and established, we can automatically annotate music with emotion tags. This annotation task can be regarded
as a multi-class classification problem, and we want to automatically find a set of emotion tags from emotion vocabulary collection T that describe emotions conveyed
by music. Given a novel music object Y, and its emotion-relevant audio feature
vector X , the emotion expression of Y in the joint emotion space is represented by
X T H, and the expression of emotion tag vector T (Y) for music Y is given by
T (Y) = X T HB T

(4.4.7)

To determine a set of most appropriate emotion tags from T (Y) = (ω1 , · · · , ωC ),
we need to learn a suitable scaler threshold σ to truncate unsuitable emotion tags.
Therefore, a ranked list of emotion annotations can be obtained by sorting weight
ωi , where 1 ≤ i ≤ C.

 ωi if ωi ≥ σ
ωi =
 0 if ω < σ
i

4.5

Music Retrieval in Joint Emotion Space

Music retrieval system aims to find relevant music objects given specific queries. To
provide users with flexible ways to query music in our proposed retrieval system,
we present three ways of music query to perform music retrieval tasks: querying
by music object (query-by-music), query by emotion tags (query-by-tag), and query
combing music object and emotion tags (hybrid query). The following subsection
gives details on paradigms of querying the model.
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4.5.1

Querying the model

Music retrieval system aims to find relevant music objects given specific queries.
To provide users with flexible ways to query music in our proposed retrieval system, in this paper we present three ways of music query to perform music retrieval
tasks: querying by music object (query-by-music), query by emotion tags (queryby-tag), and query combing music object and emotion tags (hybrid query). The
next subsection gives details on paradigms of querying the model.

Query-by-Music
Given a query music object Y, and its emotion-relevant audio feature vector X ,
the emotion expression of Y in the joint emotion space is represented by X T H.
Therefore, relying on the similarity of projected audio features in the joint emotion
space, the ranking function of retrieval by music object is defined by
FA (Y) = (X T H)(X T H)T = X T HH T X

(4.5.8)

Query-by-Tag
Given an emotion tag vector W, and each element of W belongs to emotion vocabulary collection T , the emotion expression of W in the joint emotion space is
represented by W T B. Therefore, rely on the similarity of projected emotion tag
features in the joint emotion space, the ranking function of retrieval by emotion tag
is defined by the following expression:
FT (W) = W T B(W T B)T = W T BB T W

(4.5.9)

As the emotion tag collection T is still finite with a small number of elements,
some other emotion tags that are not contained in T may also have influence on
retrieval results. In order to resolve this problem, we attempt to use Normalized
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Google Distance (NGD) to measure the distance between these emotion tags in outer
collection T̄ and inner collection T for a piece of music Y. The formula of NGD in
our scenario is given by
N GD(ti , tj |Y) =

max{log f (ti ), log f (tj )} − log f (ti , tj )
log Z − min{log f (ti ), log f (tj )}

(4.5.10)

where f (ti ) and f (tj ) are the number of search hits of emotion tags ti and tj with
music Y, respectively, and Z is the total number of music Y indexed. The result of
N GD(ti , tj |Y) measures how close emotion tags ti to tj on a zero to infinity scale.
Therefore, we can choose that emotion tag in T with the smallest distance as the
candidate emotion tag in the query vector.
Hybrid Query
The hybrid method combines the ranking functions of retrieval by music object and
emotion tag, thus we can formulate solution to hybrid query through two strategies:
1. A single parameterized objective ranking function model.
2. A two-objective ranking function model.
Relying on the first strategy, we can formulate a unified framework for emotion-based
music retrieval by using weighted sum method as follows:
F(Q) = µFA (Y) + (1 − µ)FT (W)

(4.5.11)

where Q is a tuple hY, Wi, and µ (0 ≤ µ ≤ 1) is a weight to adjust the impact of two
parts. Note that setting µ = 0 recovers the standard ranking function of retrieval by
query-by-tag, and setting µ = 1 performs the standard ranking function of retrieval
by query-by-music. Therefore, setting µ to an appropriate value in the range (0,
1) will balance both and may achieve highest retrieval performance. However, the
shortcoming of weighted sum method is that it finds only one solution but may miss
many other desirable solutions. Furthermore, setting a suitable weigh µ is challenge.
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In contrast to single objection ranking function by weighted sum method, the
second strategy formulates a two-objective ranking function model in our scenario,
which can be resolved by Pareto optimality. Pareto optimality provides the strategy
that makes at least one individual objective function better off without making the
other worse off. Pareto optimization [30] has overcome the problem encountered in
the first strategy without weighting the importance of two ranking functions, and
thus it is able to find a set of Pareto optimal solutions. Multi-objective genetic
algorithms are often used to determine a representative approximation of the Pareto optimal set. Non-dominated Sorting Genetic Algorithm (NSGA/NSGA-II) [45]
performs better than other constrained multi-objective optimizers such as strength
pareto evolutionary algorithm (SPEA) in some applications [216], thus we can also
adopt NSGA-II to solve Pareto optimization in our scenario.

4.5.2

Music Emotion Ranking

The ultimate goal for emotion-based music retrieval is to return an optimized ranked
list ΘM = {m1 , · · · , m|M | } that has the highest emotional similarities, where the size
of returned ranking list of retrieval is |M |. Corresponding to the two strategies in
hybrid query, we can construct ranking solution in the following two ways.
Solution 1 Given a query Q = hY, Wi, according to one single parameterized
objective ranking function model, the cumulated total emotion similarity of |M |
candidate music objects which compose music retrieval results is represented by
Φ(Q) =

|M |
X

µFA (Y) + (1 − µ)FT (W)

(4.5.12)

i=1

We can see that the weight µ has significant effect on the result of Φ(Q). In order
to obtain the optimal retrieval list Θ̂M , minimization of Φ(Q) is required.
Θ̂M = argmin Φ(Q)
ΘM

82

(4.5.13)

The above minimization problem can be regarded as linear objective optimization
problem (weighted sum method), which can be rewritten as the following format.
minimize
Θ

η
Φ(Q, Θ) + kΘM k22
2

subject to Θ = [m1 , m2 , · · · , m|M | ]T ,

(4.5.14)

mi  0, mi ∈ X
We can regard this discrete optimization problem as a special case of continuous optimization problem in joint emotion space Rd . Due to the limitation of weighted sum
method in finding solutions located in non-convex regions of the Pareto front [41],
adaptive weighted sum method [106] can solve this problem. We can utilize minimization iteration method to solve this discrete optimization problem. Algorithm 1
describes the procedure of solution 1 in detail.

Solution 2 Given a query Q = hY, Wi, according to two-objective ranking function model, a two-objective optimization problem can be formulated as minimization
of two cumulated emotion similarity of |M | candidate music objects with respect to
their ranking functions. For simple notation, we define two objective functions.


P |

Φ(Q, Θ)1 = |M
i=1 FA (Y)
(4.5.15)
P|M |


Φ(Q, Θ)2 = i=1 FT (W)
Therefore, the above two-objective minimization problem can be represented by
minimize
Θ

{Φ(Q, Θ)1 , Φ(Q, Θ)2 }

subject to Θ = [m1 , m2 , · · · , m|M | ]T ,

(4.5.16)

mi  0, mi ∈ X
A set ΘM is called a Pareto solution to problem (4.5.16), if and only if @Θ such
that Φ(Q, Θ)i ≤ Φ(Q, ΘM )i for any i = 1, 2 and ∃j(1 ≤ j ≤ 2): Φ(Q, Θ)j <
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Figure 4.3: An example of minimization of {Φ(Q, Θ)1 , Φ(Q, Θ)2 } by NSGA-II. Three
Pareto fronts are generated and ranked by non-domination.
Φ(Q, ΘM )j . Such Pareto solutions are also called non-dominated solutions. As nondominated sorting genetic algorithm (NSGA)-II can find better spread on Pareto
optimal front and faster convergence than other evolution method, NSGA-II is applied to find Pareto solution in the context of emotion-based music retrieval. The
idea of NSGA-II is to reduce multiple objectives to a single fitness measure by the
creation of sets of Pareto fronts. Figure 4.3 shows an example of minimization optimization problem with two objective functions. The offspring generation in genetic
algorithm is determined by their rank. Two solutions belonging to the same rank
will be determined by their crowing distance (normalized distance to closest neighbors in the non-dominated front). In our scenario, the procedure of NSGA-II to find
the optimal solution to ΘM is given by the following steps.
1. Initialization: a random parent population P0 is generated, and the population
size is assumed to be |M |. The population is ranked based on non-domination.
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2. Selection, Crossover and Mutation: The new population Pt+1 is used for selection, crossover, and mutation to create a new population Qt+1 with the
same size as Pt+1 . The parents are selected based on ranking functions which
can be modified as finesses corresponded to non-domination level. A tournament of size two is used for selection, and the selection criterion is based on
crowded-comparison operator (work on the rank and crowding distances).
3. Elitism: In each generation |M | individuals are created, then the parent population and the offspring population are combine with size 2|M |, and finally
|M | best individuals are kept for the next generation.
Step 2 and 3 are iteratively executed until convergence. The detailed algorithm
of NSGA-II can be found in [45, 94], and the overall computation complexity of
NSGA-II in our scenario is O(G|M |2 ), where G is the number of generations, and
|M | refers to the size of music retrieval results.

4.6

Experiments

The aim of the experiments was to verify whether the constructed joint emotion
space model incorporates musical audio features and emotion tag features efficiently
and improves over the state-of-the-art musical audio content-based music retrieval.
To this end, three experiments were designed and carried out. The first experiment evaluates the performance of music emotion recognition using the learnt joint
emotion space model and compare it to the two-dimensional arousal-valence emotion model. The second experiment examines the performance of music emotion
annotation using our method. The third experiment evaluates the performance
of music retrieval using the learnt joint emotion space model, which investigates
the improvement achieved using our proposed method compared to (1)using only
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musical audio part of the proposed model; (2) using only emotion tag part of the
proposed model; (3) using the state-of-the-art musical audio content-based methods.

4.6.1

Dataset and Experimental Setup

The music dataset were identical to Experiment in Chapter 3, totally 275 music
excerpts. Furthermore, corresponding to RAV musical emotion model, three types of feature sets (arousal-based feature vector, valence-based feature vector, and
resonance-based feature vector) were extracted from musical audio signals regarded
as emotion-relevant musical audio features in this experiment, which was presented
in Section 3.3. In summary, there were 64 arousal-based features, 88 valence-based
features, and 49 resonance-based features to compose emotion-relevant musical audio features in this experiment. In addition, emotion tag features were identical to
23 emotion labels for participants’ selection in Section 3.5.1. Emotion tag features
were represented by the vector space model (VSM). Each music excerpt corresponds to a emotion tag weith vector. The distance between two emotion tags can be
calculated by NGD given in Equation 4.5.10. We choose 160 representative music
excerpts as training set, and their emotion-relevant musical audio features and emotion tag features were combined to train the optimal joint emotion space. The
remaining 115 music excerpts from the dataset were regarded as the test set.

4.6.2

Performance Evaluation

This section first presents performance evaluation metric for music emotion recognition using the learnt joint emotion space model, and then gives performance evaluation metrics for our proposed methods to music emotion annotation and retrieval.

(1) Evaluation metric for joint emotion space model: The evaluation metric
applied to the joint emotion space model is identical to accuracy on music emotion
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recognition. The detailed description of evaluation for music emotion recognition
can be found in Section 3.5.2. Furthermore, the performance of the joint emotion
space model is compared with the two-dimensional arousal-valence emotion model.
(2) Evaluation metric for annotation: The ground truth has been annotated
manually, which are determined by the supports and confidences given in Equation (4.3.2) and (4.3.3) respectively. The outputs of our annotation method are a
finite set of emotion labels for each music excerpt. Given an excerpt of music mi ,
the accuracy of music emotion annotations on mi is defined as
Accuracy =

Number of identically tagged emotion labels in mi
Total number of ground truth emotion labels for mi

(4.6.17)

The overall accuracy for music emotion annotation in the test set is defined as
Overall Accuracy =

Number of music excerpts labeled correctly
Total number of music excerpts in the test set

(4.6.18)

(3) Evaluation metric for retrieval: As for retrieval task, we adopt evaluation
metrics commonly applied in the area of information retrieval. In the context of
our application, relevancy is regarded as emotional relevance for music. Precision
@k, Mean Average Precision (MAP) and Normalized Discounted Cumulative Gain
(NDCG) are all used to measure the performance of our retrieval approach.
• Precision @k: refers to the fraction of emotional relevant music objects in topk retrieved music objects in retrieval list, denoted as P @k = rel(k)/k, where
rel(k) is an indicator function equaling 1 if music object at rank k is emotional
relevant, otherwise zero. Here we may take k = 1, 3, 5, 10 into consideration.
• Mean Average Precision: MAP is the mean value of average precisions (AP).
Given a query q and suppose the number of emotional relevant music objects
to q is rq , thus AP of q can be calculated by the following formula:
k
1 X
AP (q) =
{P @k × rel(k)}
rq i=1
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(4.6.19)

• Normalized Discounted Cumulative Gain: Discounted Cumulative Gain (DCG) measures ranking quality and the usefulness of a music object relying on
its emotional relevance and position in the retrieved music list. Normalized
DCG deals with different size of retrieved ranked music list.
N DCG@k = Zk

k
X
2reli − 1
log(1 + i)
i=1

(4.6.20)

where reli represents the graded relevance value at index i (we take three-point
scale, 0 score for an irrelevant result, 1 for difficult to judge, 2 for relevant), k
refers to the position index, and Zk is a normalization factor of NDCG at k.

4.6.3

Experimental Results

Corresponding to the three experiments mentioned above, we divided the experimental results into three parts. The first part describes the results and observations
from the joint emotion space model learning, and further compares the performance
of it with the two-dimensional arousal-valence emotion model. The second part
presents the results of our method to music emotion annotation. Finally, the third
part gives the results of music retrieval by using the joint emotion space model, and
further compares the performance it with other methods.
Joint Emotion Space Model Learning
First, we have evaluated the performance of different dimension reduction approaches for music emotion recognition. We selected PCA as the baseline to compare with
the performance of SVR and our utilized Graph Embedding approach. The experiments were evaluated on two subsets with different size. One subset named
“subset 1”, contains 75 training music excerpts, and the other training set named
“subset 2”, contains 150 training music clips. Relying on the ground truth emotion
labels for music clips obtained in user study, we utilized accuracy of music emotion
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Table 4.1: The average accuracy of music emotion recognition when
using different dimension reduction methods: PCA, SVR, and GE
Dimension Reduction

Subset 1

Subset 2

PCA

77.3%

80.7%

SVR

65.3%

71.3%

GE

81.3%

85.3%

Note: The training was conducted in two subsets. The GE shows the
highest music emotion recognition accuracy in both two subsets.

recognition to evaluate the performance of dimension reduction approaches in our
scenario. Table 4.1 shows the accuracy of music emotion recognition by PCA, SVR,
and Graph Embedding (GE). The GE displays the highest music emotion recognition accuracy in both training subsets (the accuracy is over 80%), which means that
it outperforms PCA and SVR in music emotion recognition. SVR shows the lowest music emotion recognition accuracy, because regression has the largest variance.
Furthermore, the number of training dataset also has influence on the accuracy of
music emotion recognition. We can see that subset 2 performs better than subset
1, which means the larger the training dataset, the better training effectiveness will
be achieved. Consequently, the recognition performance will be improved.
Next, we determine the optimal number of dimensionality for the joint emotion
space. Figure 4.4 shows the results of joint emotion space for emotion recognition
with respect to different numbers of dimensionality, where the vertical axis represents
the accuracy of music emotion recognition in joint emotion space, and the horizontal
axis represents the number of dimensionality for the joint emotion space. Suppose
the joint emotion space dimensionality d = 3, we thereby used support vector regression to map the arousal-based features, valence-based features and resonance-based
features to RAV musical emotion space. In the figure it is shown that when the
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Figure 4.4: Performance of the joint emotion space model for emotion recognition
with respect to different numbers of dimensionality (3 ≤ d ≤ 23).
Table 4.2: The overall comparison of JESM with RAV musical emotion model
Emotion models

Precision

Recall

F1 Score

JESM

89.33%

85.75%

87.50%

RAV

82.15%

80.62%

81.37%

range of the joint emotion space dimensionality is from 12 to 15, we can obtain the
optimized projection range of musical audio features and emotional tag features to
a low dimensional embedding emotion space. When the dimensionality of the JESM
equals to 12, the average accuracy of emotion recognition is the highest.
We compared the performance of JESM (d = 12) with the three-dimensional
RAV music emotion model. Evaluation was carried out by three-fold cross-validation,
and precision rate, recall rate, and F1 score were computed for music emotion recog90

Figure 4.5: Total statistics of emotional labels annotated to music with respect to
different σ. The x-axis is the threshold of annotation, and the y-axis is the average
number of emotion labels annotated to each music.
nition. Table 4.2 shows the overall comparison results. We can see that JESM
improves the precision, recall, and F1 score over the three-dimensional RAV musical
emotion model. That is because the three-dimensional musical emotion space is
insufficient to distinguish some emotions, while the JESM outperforms it.

Music Emotion Annotation Analysis
After we learnt the optimal joint emotion space model (d = 12), we carried out emotion annotation for music. As different scaler thresholds σ described in Section 4.4.2
have different effects on annotation performance, we hence evaluate the effects of
them. The selected test set was used to evaluate the performance of our method
for emotion annotation. Figure 4.5 shows the statistics of emotion labels annotated
to music with respect to different σ. We can see that when σ = 0.1, more than
half emotion labels are excluded from the emotion vocabulary collection. When the
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Table 4.3: The annotation results (accuracy and overall accuracy) obtained for music emotion annotation in JESM with respect to different
segmentation thresholds
Threshold

Accuracy

Overall Accuracy

σ = 0.4

72.92%

73.33%

σ = 0.5

78.33%

81.75%

σ = 0.6

74.17%

77.58%

Note: σ denotes threshold value to determine emotion annotation for music.

range of σ is from 0.3 to 0.8, the average number of emotion labels annotated to
each music is between 4 and 1. From the experience, it is an appropriate range
to select a value for σ. The evaluation metrics (accuracy and overall accuracy) of
music emotion annotation was calculated and presented in Table 4.3. We can see
that when σ = 0.5, the average accuracy of music emotion annotation is the highest (78.33%), and the overall accuracy is also the best (81.75%). Table 4.4 shows
some examples of emotion annotated to music, with σ = 0.5. From the observation,
emotion annotations for the give excerpts of music are effective and satisfied.

Emotion-based Music Retrieval Analysis
As for the weighted sum method (WSM) for music emotion ranking, the effect of the
weight parameter µ is quite evident for ranking accuracy. The value of µ is greater
than 0.5 means that audio features play a dominant role on emotion rank of music,
while the value of µ is less than 0.5 means that emotional tag features play a leading
role. We set η = 0.01 to iteratively minimization of Equation 4.5.14. In order to
compare the retrieval results of our utilized weighted sum method, we set µ = 1
(using only musical audio part, query-by-music), µ = 0.5 (musical audio part and
emotional tag part play an equivalent role, hybrid query), and µ = 0 (using only
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Table 4.4: The selected examples of music (from Mozart, Bach, Beethoven,
Tchaikovsky, Chopin, Schumann) used for emotion annotation with σ = 0.5
Music Excerpts

Emotion annotation

Eine Kleine Nachtmusik, Menuetto Allegro - Mozart

pleased, pride, upbeat

Sonata in A Major, K.330 Rondo alla turca Turkish

joy, happy

March - Mozart
Divertimento in D Major Andante K334 - Mozart

sad, pessimism, tension

Piano Concerto No. 20 in D Minor, K. 466 I Allegro

tension, fear, angst

- Mozart
Gavotte en Rondeau, from Partita No. 3 in E Major

happy, joy, earnest

- BWV 1006 - Bach
Prelude No. 1 in C Major Ave Maria - Bach

romantic, satisfaction

Violin Concerto No 1 in A minor BWV 1041 - 3 Allegro

tense, aggression

Assai - Bach
Piano Sonata No. 14 in C sharp Minor, Op. 27 II.

calm, dreamy, desire

Moonlight Sonata - Beethoven
Symphony No.5, Op.67 - Beethoven

Exciting, upbeat, joy

Prelude in E Minor for Piano - Chopin

distress, grief, sad

Nocturne in F Major, Op. 10, No. 1 - Tchaikovsky

calm, dreamy, satisfaction

Nocturne D minor Peter I - Tchaikovsky

sad, pessimism

The Four Seasons, Winter - Concerto in F Minor Op8

pessimism, distress, grief

No4, Largo RV297 - Vivaldi
Symphony No. 5 in B flat major Allegro Vivace -

upbeat, exciting

Schubert
Traumerei Op.157 (Dreaming from Scenes From
Childhood) - Schumann
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pleased, dreamy

Table 4.5: The retrieval results (Precison@k and MAP) obtained
for emotion-based music retrieval by using weighted sum method
Weight

µ = 1.0

µ = 0.5

µ=0

Precison@1

0.7813

0.8594

0.7709

Precison@3

0.7633

0.8125

0.7542

Precison@5

0.7250

0.7791

0.7125

Precison@10

0.5750

0.5875

0.5563

MAP

0.7094

0.7596

0.6985

Note: µ denotes weight parameter in weighted sum method combining
musical audio and emotion tag features.

emotion tag part, query-by-tag). Consequently, the retrieval results on our dataset
with these three different weight parameters have been compared in Table 4.5. As
can be seen, the applied weight sum method with µ = 0.5 generally outperforms all
single part (µ = 1 or µ = 0), and the MAP is the largest (0.7596). The major benefits are at the top of the ranking list such as P@1, P@3 and P@5. There is nearly
slight improvement for P@10, that is because there are a limited number of excerpts
of music used in the retrieval experiment. Furthermore, we also used three graded
emotional relevance values r = 3, 2, 1, which represents definitely emotional relevant, slightly emotional relevant, and no emotional relevant respectively, to compute
NDCG as shown in Figure 4.6. The results of NDCG corresponding to µ = 0.5 also
shows the best performance of music retrieval at the emotion level, and the MAP is
the largest (0.8112) among the three query scenarios. In addition, we can see that
using only musical audio features outperform using only emotion tag features. That
is because the training matrix of music-to-tag is quite sparse compared with the
matrix of music-to-acoustic. The retrieval performance by incorporating acoustic
features and emotion tags was much better than separate use of them.
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Figure 4.6: The retrieval results (NDCG@k, and MAP) obtained for emotion-based
music retrieval by using weighted sum method.
Table 4.6: The retrieval results (Precison@k and NDCG@k)
obtained for emotion-based music retrieval by using NSGA-II
Top-k

Precision

NDCG

Top-1

0.8625

0.8750

Top-3

0.8173

0.8293

Top-5

0.7850

0.7959

Top-10

0.6400

0.6872

MAP

0.7762

0.7969

Since the Pareto optimization method (e.g., NSGA-II) is an optimal solution
used in music emotion ranking, the retrieval results by using NSGA-II is presented
in Table 4.6. It also showed that the top ranking list such as P@1, P@3 and P@5 have
the high precision and NDCG, while P@10 has the lowest values because of limited
number of music candidates in database. By utilizing the algorithm of NSGA-II in
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Figure 4.7: The comparison of emotion-based music retrieval by using weighted sum
method and NSGA-II.
retrieval, the overall MAP is 77.62%, and the mean of NDCG@k is 79.69%. We also
compared the performance of NSGA-II with WSM for emotion-based music retrieval
in the form of hybrid query input (music object and emotion tags). Figure 4.7
shows the comparison of retrieval by using WSM (µ = 0.5) and NSGA-II. From the
observations, it shows that at the top ranking list such as NDCG@1, NDCG@3, and
NDCG@5, there is no significant improvement. As position k increases, NDCGII shows its advantages in optimization. Therefore, NSGA-II for music emotion
retrieval demonstrates better performance than WSM. However, the algorithm of
NSGA-II is more complex than WSM, and hence it has higher time complexity.

4.7

Summary

In this chapter, first of all, we proposed the idea of joint emotion space using musical
audio features and emotional tag features. Music audio features were extracted from
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music audio signals, and formulated to emotion-relevant audio features with respect
to RAV musical emotion representation. A Total of 23 commonly used emotion
labels were used as the emotion tag features in this work. Then, we explained how to
learn an optimal joint emotion space model in details. Different dimension reduction
methods such as graph embedding, latent semantic analysis were applied to musical
audio features and emotion tag features respectively. Multi-task learning was used
for model selection of JESM. Automatic emotion annotation for music was performed
by tag prediction. After that a unified framework for music retrieval at the emotion
level was naturally formulated and three query ways (query-by-music-object, queryby-emotion-tag, and hybrid) was given. In order to obtain the optimal retrieval
results, two multi-objective optimization methods (weighted sum method and nondominated sorting genetic algorithm) was investigated and employed in different
scenarios. We carried out three experiments to evaluate the performance of JESM,
music emotion annotation and retrieval. The experimental results showed that in our
scenario when the dimensionality of the joint emotion space is 12, the performance
of the JESM for music emotion recognition was the best. When the threshold of
emotion annotation equaled to 0.5 (musical audio part and emotional tag part played
an equivalent role), the accuracy of music emotion annotation showed the highest
reliability, and the overall accuracy of emotion annotation is over 80%. We measured
the retrieval accuracy by using precision@k and NDCG@k for various small values
for k. As the position k increased, the Pareto solution (NSGA-II) for music emotion
ranking in retrieval showed better performance than the weighted sum method.
Consequently, our proposed unified framework for music emotion annotation and
retrieval performed better than other methods and has the potential to be applied
in large-scale music dataset for the real world music information retrieval systems.
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Algorithm 1: Music Retrieval in Joint Emotion Space (Weighted sum method)
Input: A query Q = hY, Wi; the predefined parameters of weighted sum method:
weight µ and regularization coefficient η;



0
if query-by-tag, Y = ∅, W =
6 ∅




µ= 1
if query-by-music, Y 6= ∅, W = ∅





[0, 1] if hybrid query, Y 6= ∅, W =
6 ∅
Output: A ranked list of music retrieval results ΘM = {m1 , m2 , · · · , m|M | }.
1:

Check whether emotion tag wi from query vector W =
6 ∅ in predefined emotion
vocabulary collection T .



w i
if wi ∈ T
wi =


tˆj = argmin N GD(wi , tj ) if wi 6∈ T

2:

Random initialization of a candidate list of retrieved music results:
ΘM ← RandomCandidateSet(N)

3:

Sort the candidate list by ranking function: ΘM ← Sort(ΘM )

4:

Regularization of Cumulated emotion similarities of |M | music objects.
Ψ(ΘM ) = Φ(Q) + η2 kΘM k22

5:

Iterative minimization operation on Ψ(ΘM ) to update ΘM .

6:

for i = 1 → N do

7:
8:
9:
10:
11:
12:
13:

if mi 6∈ ΘM then
if Ψ(ΘMi ) < Ψ(ΘM ) then
Replace the music element θj in ΘM by mi : thus θj ← mi
Update and resort candidate list ΘM : thus ΘM ← Sort(ΘMi )
end if
end if
end for
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Chapter 5
Dynamic Time Warping for Music
Retrieval Using Time Series
Analysis of Musical Emotion
The last two chapters used the static representation of musical emotion to perform
music emotion recognition and retrieval respectively. However, music is a temporal
art, and emotion conveyed by music can dynamically change in music listening.
Thus, this chapter attempts to model time-varying emotions of music in time series.
In this chapter, time series analysis provides a powerful way to analyze timevarying emotions in music, and dynamic texture model (DTM) is effective in
modeling musical emotions in time series. Kalman filtering and smoothing techniques (e.g., Rauch-Tung-Striebel, minimum-variance smoothing) are used to predict time-varying emotions in DTM. Expectation maximization (EM) algorithm is
applied to learn the parameters of DTM. Considering that one single DTM is not
sufficient and appropriate for modeling emotion dynamics of the entire music excerpt, multiple dynamic textures (MDT) model are built to resolve this issue.
Consequently, given an excerpt of music, a time series emotion dynamics of this
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excerpt can be predicted by MDT. Finally, we can use dynamic time warping
(DTW) to perform music retrieval based on time series sequences of emotion dynamics. Experiments for time-varying musical emotion prediction, music segmentation,
and retrieval will be also presented in this chapter.

5.1

Introduction

From the literature [99, 97, 108], we find that most research on music perception
focus on static analysis of emotions expressed or evoked by music. That’s to say,
there is less work studying time-varying emotions expressed by music. Since music
is a temporal art, emotion conveyed by music can dynamically change over time.
Linear dynamic system was used in [112] to model time-varying emotional content
of music. Vaizman et al. [227] employed discrete emotion labels (happy, sad, angry,
and fear) and dynamic texture model to model emotional content in music over
time. Schmidt and Kim [194] applied Kalman filtering to predict time-varying musical emotion distributions. However, due to the limitation of emotion expression
employed, none of these methods had achieved high accuracy on prediction.
How to model time-varying emotions expressed by music is the key issues in
the chapter. According to the time series representation of musical emotion introduced in Section 3.2.3, dynamic texture model is adopted to model musical emotion
dynamics over time. EM algorithm with Kalman smoothing techniques (e.g., RauchTung-Striebel, minimum-variance smoothing) are applied to learn the optimal parameters of DTM. As the length of music maybe different, it may be insufficient and
inappropriate to just use a signal DTM to model emotion dynamics of a long music
piece. Consequently, we construct multiple dynamic textures (MDT) and provide
mechanism for model selection. After that, music segmentation based on MDT can
be carried out at the emotion level. Furthermore, a forward and backward strategy
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is adopted to smooth segmentation results. Additionally, since time-varying musical
emotion sequence has been predicted by MDT, it is convenient to employ dynamic
time warping to perform music retrieval based on time-varying emotion sequence.

5.2

Time Series Analysis for Musical Emotion

As music signals have temporal structure by nature, time series analysis provides a
powerful way to learn continuous dynamic changes in psychological response (e.g.
perceived emotion). It is desired to predict the musical emotions in the sequence
that gave rise to the observed musical audio signals. This problem can be described
in the following framework: given the musical audio signals, we wish to infer the
dynamics of musical emotions in temporal. Dynamic texture is applied to model
the relationship between musical audio signals (observations) and musical emotions
they conveyed (hidden variables). This section will present time series models dynamic texture model (DTM), Kalman smoothing (KS) and multiple dynamic
textures (MDT). Then the optimal parameters of the models are also will be learned
by expectation maximization (EM) algorithm.

5.2.1

Modeling Musical Emotion Using Dynamic Texture

Dynamic texture [51] is originally applied to model sequences of images of moving
scenes over time, which is derived by Kalman filter [234] with unknown model parameters. Kalman filter provides a recursive way to estimate the state of a process
in time series, so does the dynamic texture model, which are useful tool to model temporal objects (e.g., music, movie, etc.). To model the relationship between
musical audio signals and emotions they conveyed in time series, we apply dynamic
texture model (DTM) [31] to analyze music and its emotions, as shown in Figure 5.1.
The paradigm of DTM in modeling music and emotion over time is described. Giv101

Figure 5.1: Graphical model for dynamic texture model on modeling time-varying
musical emotion dynamics. The sequence {y0 , y1 , · · · , yT } is modeled as the discrete musical audio signals, and the sequence {x0 , x1 , · · · , xT } is the corresponding
emotion dynamics over time.
en a fixed temporal sequence of musical audio samples y = {y0 , y1 , . . . , yT }, where
yt ∈ RK refers to the observed value of musical audio features at time t, the temporal
dynamics of musical audio and corresponded emotions are modeled by DTM:

 xt = Axt−1 + But−1 + wt−1
 y = Cx + v
t

t

(5.2.1)

t

where x = {x0 , x1 , . . . , xT }, xt ∈ Rp represents the hidden state of emotion in the
sequence at time step t, and any xt is a linear combination of its previous value
plus a control signal ut and a process noise wt . The p × p state transition matrix
A controls the evolution of state xt−1 from time step t − 1 to current time step t.
The p × l matrix B is the control-input matrix applied to control signal ut . The
n × p matrix C maps the hidden state of emotion to the musical audio features. The
process noise wt and measurement noise vt , are assumed to be independent, zeromean, Gaussian white noise process given covariance matrices Q and R respectively,
represented by the following form:
p(w) ∼ N (0, Q)

(5.2.2)

p(v) ∼ N (0, R)

(5.2.3)
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Figure 5.2: An illustration of modeling time-varying musical emotions by using
dynamic texture model.
Furthermore, the initial hidden state of musical emotion x0 is also assumed to have
a Gaussian distribution with mean µ0 and variance Σ0 , expressed by
x0 ∼ N (µ0 , Σ0 )

(5.2.4)

Considering that there is no control signal ut , for simplicity and specificity, we
eliminate the control signal ut to remodel time-varying music emotion by DTM, as
illustrated in Figure 5.2. Thus, the model Equation (5.2.1) can be rewritten as:

 xt = Axt−1 + wt−1
(5.2.5)
 y = Cx + v
t

t

t

Therefore, the overall parameters of the DTM for modeling musical emotion dynamics are expressed by Θ = {A, Q, C, R, µ0 , Σ0 }. The task of parameter estimation for
DTM can be regarded as system identification [128], given musical audio signals.

5.2.2

Discrete Time Kalman Filtering

Relying on the DTM constructed above, the procedure of estimation of hidden state
of musical emotion is based on discrete time Kalman filtering, which consists of two103

phase steps: predict phase and update phase. To accurately describe the procedure
of estimation of state in DTM, the following two variables are defined first.
• E[xt |Y0:t ] = x̂t|t is a posteriori state estimate at time t given observations Y0:t .
• E[et eTt ] = Pt|t is the posteriori error covariance matrix, where et = xt − x̂t|t .
The hidden state of musical emotion x̂t|t is estimated by performing tasks of
predict phase and update phase of DTM in a recursive manner as follows:
• Predict phase: It is also know as time-update which projects the current
state estimate dependent on information (state and covariance) ahead in time.
x̂t|t−1 = Ax̂t−1|t−1

(5.2.6)

Pt|t−1 = APt−1|t−1 AT + Q

(5.2.7)

• Update phase: It is also know as measurement update which adjusts the
projected estimate of state given by time-update equations in prediction phase.
x̂t|t = x̂t|t−1 + Kt (yt − C x̂t|t−1 )

(5.2.8)

Pt|t = (I − Kt C)Pt|t−1

(5.2.9)

Kt = Pt|t−1 C T Ω−1
t

(5.2.10)

where Pt|t−1 refers to the residual covariance, the solution of the following Riccati
differential equation (RDE).
Ωt = CPt|t−1 C T + R

(5.2.11)

and Kt is the Kalman gain that minimizes posteriori error covariance, reflecting the
relative certainty of the measurements and current state.
The estimation process of DTM is described as follows. Firstly, we assume the
prior state x̂0|−1 = µ0 , and prior error covariance P0|−1 = Σ0 . Then we apply the
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measurement update Equations (5.2.10) - (5.2.9) to get the posteriori state estimate
x̂0|0 and posteriori error covariance P0|0 . Next we apply time update Equations
(5.2.6) - (5.2.7) to get priori state estimate x̂1|0 and priori error covariance P1|0 for
the next time step. After that the estimation process of DTM over time is done in
an iterative way. As a result, the state x̂t|t is estimated through recursive formulae.

5.2.3

Discrete Time Kalman Smoothing

The estimation process of DTM is iterative, and current state estimation xt is based
on the previous state estimation xt−1 . Consequently, the disadvantage of Kalman
filter is that it is not able to take into account other states in prediction, thus the
performance of state estimation by DTM may not be adequate in some extent.
Therefore, it is necessary to smooth these estimations of states. The goal of discrete
time Kalman smoothing is to provide an optimal state estimate of x̂t|T (t < T )
using the whole observed measurement from y0 to yT , expressed by p(xt |y0:T ), where
y0:T = {y0 , y1 , · · · , yT }. In this section, two smoothing algorithms for Kalman filter:
Rauch-Tung-Striebel (RTS) and minimum-variance smoothing (MVS) are presented.
(1). Rauch-Tung-Striebel (RTS) Smoothing
The algorithm of RTS smoothing [174] is an efficient forward-backward pass algorithm for fixed interval smoothing. The forward pass is to estimate x̂t|t and Pk|k ,
which is the same as that of Kalman filter. More importantly, the backward pass
starts from the last time step T , and then smooths the estimates of forward pass by
using recursive equations as follows:
−1
Jt = Pt|t AT Pt+1|t

(5.2.12)

x̂t|T = x̂t|t + Jt (x̂t+1|T − x̂t+1|t )

(5.2.13)

Pt|T = Pt|t + Jt (Pt+1|T − Pt+1|t )JtT

(5.2.14)
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where Jt refers to the smoother gain which measures how much the smoothed estimates should be corrected, x̂t|T and Pt|T are the smoother estimates for the state
and covariance respectively at time step t.
(2). Minimum-Variance Smoothing
The minimum-variance smoothing which minimizes the variance of the estimation
error | yt − yˆt | still performs in forward-backward pass. The state estimates x̂t|t−1
are calculated in the forward pass by

 
 
x̂
A − Kt C
Kt
x̂
 t+1|t  = 
  t|t 
−1/2
−1/2
−Ωt C Ωt
αt
yt

(5.2.15)

where Kt is the one-step-ahead Kalman predictor gain, in which Pt|t−1 is the symmetric solution of Riccati differential equation.
Kt = APt|t−1 C T Ω−1
t
Pt+1|t = APt|t−1 AT − Kt Ωt KtT + Q

(5.2.16)
(5.2.17)

After that, the adjoint of the above forward system (5.2.15) is given by
 

 
−1/2
λ
λt−1
AT − C T KtT C T Ωt
  t

=
(5.2.18)
−1/2
Ωt
αt
−KtT
βt
which produces the backward pass. This smoothing algorithm can be implemented
by using the forward pass (5.2.15) to obtain αt from t = 0 to t = T , and the
backward pass (5.2.18) to obtain βt from the last time step T . The smoothed output
estimates ẑt|T are calculated by ẑt|T = yt − Rβt . The smoothed state estimates x̂t|T
are calculated by x̂t+1|T = Ax̂t|T + ŵt|T , where ŵt−1|T = −Qξt , in which ξt can be
calculated by the adjoint of the linear system (5.2.18) which is initialized ξT = 0.

 
 
ξt−1
AT
−C T
ξ

=
  t
(5.2.19)
δt
−Q1/2
0
βt
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5.2.4

Parameter Estimation for DT Model

To learn the parameters of dynamic texture model, we select a subset of music
dataset as the training set. The remaining subset is referred to as the testing set
and is used to validate the parameters. We note the training set D = {Y, X},
where Y represents the temporal sequences of musical observations (musical audio
features), and X refers to the sequences of hidden emotion states. We assume
i
i
N
Y = {y0:T
}N
i=1 and X = {x0:T }i=1 , where N is the number of sequences, T is the

length of each sequence, yti ∈ Rm , xit ∈ Rn , and m  n. In this section, we first apply
Maximum Likelihood Estimation (MLE) and then use Expectation Maximization
(EM) algorithm to learn an optimal solution for model parameters.
(1). Maximum Likelihood Estimation
The DTM model parameter set Θ = {A, Q, C, R, µ0 , Σ0 } can be estimated by MLE:
Θ̂M L = arg max p(Y, X|Θ). By the Markov property implicit in this DTM model,
the joint log-likelihood function L(Y, X|Θ) = ln p(Y, X|Θ) is given by
(T
)
N
Y
Y
p(xit |xit−1 )p(yti |xit )
L(Y, X|Θ) = ln
=

t=0
i=1
N
T
XX

ln p(xit |xit−1 )

i=1 t=1

+

N X
T
X

ln p(yti |xit )

(5.2.20)

i=1 t=0

Under the multivariate Gaussian distribution assumption of p(X), xit+1 ∼ N (Axit , Q),
yti ∼ N (Hxit , R), thus the joint log-likelihood L(Y, X|Θ) is a sum of quadratic terms.
Therefore, the variational joint log-likelihood −2L(Y, X|Θ) can be written as:
−2L(Y, X|Θ) ∝ N ln |Σ0 | +

N
X

i
(xi0 − µ0 )T Σ−1
0 (x0 − µ0 )

i=1

+

+

N X
T
X
i=1 t=1
N X
T
X

(xit − Axit−1 )T Q−1 (xit − Axit−1 ) + N · T ln |R|
(yti − Cxit )T R−1 (yti − Cxit ) + N · (T + 1) ln |Q|

i=1 t=1
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(5.2.21)

To obtain the model parameters, we take matrix derivatives of −2L(Y, X|Θ) with
respect to the unknown parameters, and set them equal to zero to compute respective
values. Therefore, the DTM model parameter Θ based on the MLE is given by
N
N
1 X i
1 X i
x0 , Σ̂0 =
(x − µ̂)(xi0 − µ̂)T
N i=1
N i=1 0
( N T −1
) ( N T −1
)−1
XX
XX
T
T
Â =
xit+1 xit
xit xit

µˆ0 =

i=1 t=1

Ĉ =

R̂ =

Q̂ =

( N T
XX

(5.2.23)

i=1 t=1
T
yti xit

i=1 t=0
N X
T
X

1
NT

(5.2.22)

)( N T
XX

)−1
T
xit xit

(5.2.24)

i=1 t=0

(yti − Cxit )(yti − Cxit )T

i=1 t=0
N X
T
X

1
N (T + 1)

(xit − Axit−1 )(xit − Axit−1 )T

(5.2.25)

(5.2.26)

i=1 t=1

(2.) Expectation Maximization
The DTM model parameter set Θ can also be optimally estimated by expectation
maximization (EM) algorithm along with Kalman filtering and smoothing. The
EM algorithm finds the maximum likelihood estimation of the likelihood function
L(Y, X|Θ) by iteratively applying the following two steps:
1. Expectation step (E-step): Use the RST smoother or MVS smoother designed
(k)

with Θ(k) to calculate updated state estimates x̂t|T at iteration k.
Q(Θ|Θ(k−1) ) = EX|Y,Θ(k−1) {ln L(Y, X|Θ)}

(5.2.27)

2. Maximization step (M-step): Use the smoothed state estimates to update
DTM parameter estimates such that the expected joint log-likelihood function
ln L(Y, X; Θ) is maximized.
Θ(k+1) = arg max Q(Θ|Θ(k) )
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(5.2.28)

where Θ(k) is the estimate of parameter set at iteration k. From the expression of
Equation 6.7.13, we find that Q(Θ|Θ(k−1) ) depends on three expectations given by
xt|T ≡ E(xt |y0:T )
St|T ≡ E(xt xTt |y0:T ) = Pt|T + xt|T (xt|T )T
St,t−1|T ≡ E(xt xTt−1 |y0:T ) = Pt,t−1|T + xt|T (xt−1|T )T
The values of covariance Pt,t−1|T depend on the smoothing approaches we selected.
Thus, when RTS smoother is applied,
Pt,t−1|T = Jt−1 Pt|T

(5.2.29)

Otherwise, when MVS smoother is applied, the values of covariance Pt+1,t|T is computed by the following equation:
Pt+1,t|T = APt,t−1|T AT − Kt Ωt KtT + Q

(5.2.30)

In order to maximize Q(Θ|Θ(k−1) ), we need to iteratively update it by recursions
of the following DTM model parameters until convergence.
( N T
)( N T
)−1
XX
XX
i
i
Â(k+1) =
St,t−1|T
St|T
i=1 t=1

Ĉ (k+1) =
R̂(k+1) =
Q̂(k+1) =
(k+1)
µ0

( N T
XX

i=1 t=1

)( N T
)−1
XX
T
i
yti (xit|T )
St|T

i=1 t=0
N X
T
X

1
NT

1
=
N

T

i=1 t=0
N X
T
X

1
N (T + 1)

i=1

(5.2.32)

i=1 t=0

[yti (yti ) − Ĉ (k+1) xt|T yt T ]

N
X

(5.2.31)

i
i
(St|T
− Â(k+1) St,t−1|T
)

(5.2.33)

(5.2.34)

i=1 t=1

xi0|T ,

(k+1)
Σ0

N
1 X
T
=
S0 − xi0|T (xi0|T )
N i=1

(5.2.35)

In summary, the overall procedure of EM algorithm along with Kalman filtering and smoothing is described in Algorithm 4. The inputs to the algorithm are
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sequences of emotion-relevant musical audio features corresponding to dynamic representation of musical emotion in RAV space, and initial mean value and covariance
of musical emotion. The output is the learned optimal DTM model parameters.

5.2.5

Multiple Dynamic Textures (MDT) Model

According to music listening experience, it is reasonable to assume that one excerpt of classical music can often convey different emotions depending upon different
segments. For example, Bach’s Chaconne in D minor conveys a wide range of emotions. Sequently, one single dynamic texture model is not sufficient and appropriate
for modeling emotion dynamics of the entire music excerpt. To solve this problem, we propose to construct multiple dynamic textures (MDT) model, denoted by
Φ = {Φ1 , . . . , ΦK }, where K is the number of finite dynamic texture models. For
each dynamic texture model Φk , a priori probability Λk0 = P (Φk ) is assumed equal
for all dynamic texture models. Thus, the entire music excerpt can be modeled by
MDT, and the expression of MDT is given by modifying Equation 5.2.5 as follows:

 xt+1 = Ak xt + wk
t
 y = C k x + vk
t

t

(5.2.36)

t

where model parameters Ak , C k and noise wtk , vtk correspond to DTM model Φk .

5.2.6

Model Selection for MDT

The goal of model selection for MDT is to select the most appropriate dynamic
texture to express emotion dynamics of a given music sequence. Suppose we have
obtained the estimated parameters of MDT model Θ̂k = {Ak , Qk , C k , Rk , µk0 , Σk0 } by
using EM algorithm with Kalman filtering and smoothing. Given a music sequence
y = {y0 , y1 , · · · , yT } consisting of T + 1 elements, we can calculate the noise of
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measurement by vtk = yt − Ĉ k xt , and the variance of v k = {v0k , v1k , · · · , vTk } by
V[v k ] =

T
1X
(yt − Ĉ k xt )(yt − Ĉ k xt )T
T t=0

(5.2.37)

Through measuring the goodness of model fit relying on the measurement noise
variance, two strategies can be adopted to select appropriate DTM model for the
given music sequence. The first strategy takes posterior probability into account.
Thus, we can use the differences among the calculated variances {V[v k ]} to estimate
the posterior probabilities Λki of candidate dynamic texture Φk at iteration i.
Λki

Λkt−1 P (V[v k ]; Φk )

k

= P (Φk ; V[v ]) = PK

j=1

where P (V[v k ]; Φk ) =

V[v k ]−1
PK
k −1
k=1 V[v ]

Λjt−1 P (V[v j ]; Φj )

(5.2.38)

is regarded as the likelihood function of the vari-

ance v k . Finally, music sequence y can be represented by a multinomial distribution
P
k
for MDT, with K
k=1 Λi = 1. Therefore, we select the most likely dynamic texture
form MDT for music sequence y according to Λki with the largest probability.
The second strategy employs a hybrid method that minimizes the expected value
E[v k ] and the difference between V[v k ] and Rk .




n 
X
E[yt,i ] − E[cˆi k xt,i ]
V[v k ] − Riik
min
λm
+ λv
E[yt,i ]
Riik
Θk
i=1

(5.2.39)

Note that the weights λm and λv represent relative importance to the mean and
variance of the noise measurement respectively.

5.3

Emotion-based Music Segmentation Using Multiple Dynamic Textures

This section presents the application of multiple dynamic textures (MDT) to music
segmentation based on emotion. In addition, a forward and backward strategy will
be applied to smooth segmentation results.
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Figure 5.3: Music segmentation based on emotions expressed by music: (a) The
sequence of musical audio signals represented by musical feature vectors {yt }; (b)
The subsequences segmented by hidden emotion states.

5.3.1

Problem Formulation

Considering the following problem, in relation to Figure 5.3 (a): A classical music
section always contains a multiple of some unit yt of minimum length, where each unit may express some particular emotion. Sequently, it is time-consuming for human
beings to decide units and their corresponding emotions. Therefore an automatic
system is required to take over efforts of human beings on this task. This naturally
results in an emotion-based music segmentation problem.
The aim of emotion-based music segmentation is to partition music signals into
contiguous regions that are bounded by different emotion states. Given a music
excerpt y = {y0 , y1 , · · · , yT }, we wish to divide y into subsequences yt:k based on
musical emotion, where 0 ≤ t ≤ k ≤ T . Figure 5.3 illustrates an example of music
segmentation, which is segmented by emotion expressed by musical audio signals.
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5.3.2

Segmentation Method

Through model selection for MDT of given music excerpt y = {y0 , y1 , · · · , yT }, each
unit yi in the sequence y belongs to a specific dynamic texture Φk with respect to
emotion state ESk . Consequently, this segmentation problem can be converted to an
equivalent merging problem. We can use an undirected graph structure G = (y, E)
to represent units of music sequence, where yi ∈ y is a set of nodes corresponding to
units, and E is a set of edges connecting the pairs of neighboring nodes. Each edge
(yi , yj ) has a corresponding weight wij to measure the distance of the two units. The
distance of two units are measured by emotion state transition probability P (ESij ).
A forward and backward strategy is applied to merge the units of music sequence.

• Forward pass: For i = 0, 1, · · · , T , if and only if the hidden emotion states of
the unit yi and yi+1 are the same, the units yi and yi+1 are to be merged.

• Backward pass: The adjacent segments are merged if the similarity of these
two segments is over specific threshold.

The forward pass and backward pass are iteratively executed until convergence.

5.4

Matching and Retrieval of Time-Varying Musical Emotion Sequences

This section first presents dynamic time warping (DTW) for music sequence matching based on time-varying musical emotion dynamics. Then a novel music retrieval
method will be explained, which is dependent on subsequence DTW technique on
time-varying musical emotion matching.
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5.4.1

Dynamic Time Warping for Music Matching

By using DTM and MDT methods, we can easily obtain the time-varying emotions
expressed by the given music sequences in time series. Naturally, we hence make a
new attempt to carry out music matching by finding the best match of time-varying
emotion dynamics between the two given music sequences, which is the key point
for time-varying emotion-based music retrieval.
The paradigm of music matching based on time-varying musical emotion sequences is described as follows. Given two time series of time-varying musical emotion sequences obtained by DTM and MDT, denoted by U = (u0 , u1 , . . . , u|U | ) and
V = (v0 , v1 , . . . , v|V | ), we wish to find the best match of U and V , where the lengths
of U and V are usually different. Considering that p-norm distance is less infeasible
to compute the similarity of these two time series sequences, we apply dynamic time
warping (DTW) to find the best solution. DTW is an efficient method to measure
time series similarity, which can minimize the effects of shifting and distortion in
time. A warping path in DTW defines an alignment between U and V by assigning
ui to vj . The DTW distance matrix D(i, j) for the alignment of the two sequences U
and V is given by finding the optimal warping path, which is represented as follows.




D(i, j − 1)






(5.4.40)
D(i, j) = d(ui , vj ) + min D(i − 1, j)








D(i − 1, j − 1)
where d(ui , vj ) is the distance between ui and vj . We can apply different distance
metrics to calculate d(ui , vj ), for example, p-norm distance or cosine distance. Furthermore, a weight vector (ωv , ωh , ωd ) can be used for alignment in vertical, horizontal, and diagonal direction, which yields the following recursion:
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D(i, j) = min D(i − 1, j) + ωh · d(ui , vj )








D(i − 1, j − 1) + ωd · d(ui , vj )
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(5.4.41)

Considering that D(i, j) is biased towards diagonal steps in the above formulation,
we hence multiply a weight of 2 for diagonal steps so that there is no bias for any
particular direction [179]. Thus, we assume this weight vector (ωv , ωh , ωd ) = (1, 1, 2).

5.4.2

Music Retrieval Based on Time-Varying Emotions

The ultimate goal of music retrieval is to find some excerpts within the longer music
work that optimally fits the given short music excerpt. Let |U | > |V |, we assume
that the shorter music excerpt V represents a query shown in Figure 5.4 , we aim to
find the fragments U (ua : ub ) = (ua , ua+1 , ua+2 . . . , ub ) within U that is most similar
to the query V , where 0 ≤ a ≤ b ≤ |U |. Therefore, this searching problem can be
solved by minimizing the DTW distance to V over all possible subsequences of U .
∆(a : b) =

1
min{DT W (V, U (ua : ub ))}
|V | + 1

(5.4.42)

The simplest approach to find ∆(a : b) is to use sliding-window that computes all
DT W (U (ui : ui+k ), V ) to determine the optimal subsequence. However, the computation complexity of this approach is O(|U ||V |). To speed up computation process,
some global constraints (e.g., Sakeo-Chiba band, Itakura parallelogram [89]) can
filter the permissible warping paths. A classic approach accelerating computation
of subsequence search was propose to utilize lower bounds such as LB Keogh [104].
Furthermore, another approach, named FastDTW [182], applies the idea of dimensionality reduction or data abstraction to reduce computation complexity to O(|V |),
which consists of three steps. Firstly, it shrinks the long time series sequence into
smaller subsequences. Next it finds the optimal local warping path in lower resolution, and adopts it as the initial warp path for a higher resolution. Finally, it
refines the local warping path. We also apply the strategy of FastDTW to compute
DT W (V, U (ua : ub ) in the context of time-varying musical sequences.
We determine the index b by minimizing the DTW distance D(|V | + 1, b), where
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Figure 5.4: The optimal time alignment of music excerpt U with a subsequence of
V in time-varying emotion level. The Ua,b is the optimal subsequence.
D(|V |+1, b) is computed by (5.4.41). The index a is computed by backward tracking
procedure of DTW, starting with pL = (|V | + 1, b). Then we determine the index
a by choosing maximal index such that p` = (a, 1), where ` ∈ [0 : L]. Therefore,
the optimal warping path between V and U (ua : ub ) is given by (p` , · · · , pl ). Note
that the index b may be not unique in ground truth when we obtain the minimum
D(|V | + 1, b). Furthermore, we can also set a reasonable DTW distance threshold τ
of DT W (V, U (ua : ub ) to discard some subsequences to refine retrieval results.

5.5

Data Collection and Evaluation

For our experiment, first we divided the training set into eight subsets corresponding
to the eight emotion subspaces evenly in RAV space. As described in Chapter 3,
we utilized MIRtoolbox [117], and Marsyas [226] to extract selected features from
each subset. We assume one frame has five seconds in the training set. Therefore, in
each frame, we totally extracted 81 features, consisting of 20 arousal-based features,
38 valence-based features, and 23 resonance-based features. Then, we scaled each
feature to the range of [0,1]. After that, for each subset we constructed a dynamic
texture model. There are two scenarios in which results of observation matrix C in
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constructing dynamic texture model. One scenario is that the observation matrix
C is known, and the model can be built by EM algorithm presented in [204]. We
can obtain matrix C different dimension reduction approaches such as principal
component analysis (PCA), locally linear embedding (LLE), etc.
For simplicity, we also use regression approaches such as multivariate linear regression (MLR), support vector regression (SVR) to regress the musical features to
three-dimensional emotion space. We applied online self-report questionnaires to
collect the ratings of arousal, valence, and resonance from the given music clips.
The rating scale for arousal is from 0 to 10. The higher arousal values corresponded to feeling an emotion more intensely or activating an emotion more strongly.
The rating scale for valence is from −5 to 5. The positive valence values represent
pleasure emotions (like joy or exciting), and negative valence values represent displeasure emotions (like anger or sad), and 0 denotes neutral valence. The rating
scale for resonance is from −5 to 5, where positive values represent consonance,
and negative values represent dissonance. We assumed the real values of arousal,
valence and resonance for each training music clip by calculating the weighted mean
across all the ratings. All these values were normalized to a continuous scale from
−1 to 1, representing the ground truth music emotion value, with each training
music sequence placed in the RAV space. Another scenario is that the observation
matrix C is unknown, which we presented in EM algorithm with Kalman filtering
and smoothing. Corresponding to eight emotion states, we construct eight dynamic
texture models Φ = {Φ1 , . . . , Φ8 } using different training subsets, where we can set
the different dimensionality for emotion state such as p = 3, 6, 9.
The model parameters of DTM and MDT have significant effects on the performance of time-varying musical emotion prediction. To compare the model parameters estimated by MLE and EM algorithm for Kalman filtering and smoothing (RTS
and MVS), we apply the Kullback-Leibler (KL) divergence information that reflects
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the difference between two probability distributions. Let Θ̄ represent parameters of
current model and Θ represent parameters of a candidate model. The KL divergence
between two distributions with respect to model parameters is given by
Z
KL(Θ̄kΘ) =

P (X|Y, Θ̄) ln

P (X|Y, Θ̄)
P (X|Y, Θ)

(5.5.43)

By the Gibbs inequality, KL(Θ̄kΘ) is always non-negative, KL(Θ̄kΘ) ≥ 0. If and
only if Θ̄ = Θ, DKL (P ||Q) = 0. Furthermore, the smaller the KL divergence, the
more similar the compared distributions constructed by model parameters Θ̄ and
Θ. Otherwise, the greater the KL divergence, the less similar the two distributions
are. To select an appropriate model parameters Θ, we select that candidate model
which results in KL(Θ̄kΘ) is the smallest. Therefore, this minimization problem
can be converted to maximize the following H(Θ̄, Θ) objective function given by
Z
H(Θ̄, Θ) =

P (X|Y, Θ̄) ln P (X|Y, Θ)

where the conditional probability P (X|Y ) =

P (X,Y )
P (Y )

(5.5.44)

and the logarithm of the joint

probability ln P (X, Y ) is given in Equation 5.2.20.
After we have constructed DTM and MDT models, we need to evaluate their
performance for time-varying musical emotion prediction. In Kalman filtering, the
prediction performance is often measured using the root mean square error (RMSE).
Additionally, we also utilize mean and variance of estimation error of musical emotion dynamics in time series to measure prediction performance. Therefore, the
normalized error function is given by the following form:
 − E{||X − X̂||p }
norm = q
V{||X − X̂||p }

(5.5.45)

where E{||X − X̂||p } is the expected value of estimation error, and V{||X − X̂||p }
refers to the variance of estimation error, and  is the estimation error between X
and X̂, expressed by  = ||X − X̂||p in Lp space.
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In order to evaluate the performance of multiple dynamic textures, we use emotion state recognition accuracy that is defined as the proportion of frames that are
recognized correctly. Each frame stands for a time unit that is five seconds.
Accuracy =

Number of frames recognized correctly
Total number of frames

(5.5.46)

In order to evaluate DTW results of music retrieval based on time-varying emotions, we applied recall and precision evaluation criterion. Recall is the fraction
of truly similar music excerpts based on time-varying emotion dynamics that are
retrieved by algorithm. Precision is the fraction of retrieved music excerpts that are
similar for their emotion dynamics. The accuracy of retrieval is evaluated by F1
score that considers both precision and recall.
F1 = 2 ∗

precision ∗ recall
precision + recall

(5.5.47)

We use the ground truth to test retrieval performance and compare the results with
the different distance functions such as Euclidean, Inner product.

5.6

Experiments and Results

In order to evaluate the performance of our constructed DTM and MDT, and retrieval algorithm, we designed three main experiments. The first experiment is to
evaluate the performance of dynamic texture model to predict emotion dynamics in
specific emotion states. The second experiment is to evaluate the performance of
multiple dynamic texture model to predict emotion dynamics of a longer piece of
music. The third experiment is to evaluate dynamic time warping for music retrieval
based on the predicted time-varying emotions.
In the scenario of knowing observation matrix C, we first applied three approaches (SVR, PCA, and Graph Embedding) to learn parameter C. Table 5.1 reports
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Table 5.1: Comparison of different dimension reduction methods (PCA, SVR, and GE) for learning observation matrix C in DTM
Dimension

Subset with 75

Subset with 150 Mean

Reduction

music clips

music clips

PCA

77.3%

80.7%

79.0%

SVR

65.3%

71.3%

73.3%

GE

81.3%

85.3%

83.3%

Note: The training was conducted in two subsets (75 music clips and
150 music clips). The Graph Embedding shows the highest music emotion
recognition accuracy in both two subsets.

the results of music emotion recognition for different C. The graph embedding displays the highest emotion recognition accuracy in both two training subdatasets,
which means that it outperforms PCA and SVR in emotion recognition. Furthermore, the number of training dataset also has influence on the accuracy of emotion
recognition. We used Ĉ computed by SVR and Graph Embedding as the known
observation matrix C in dynamic texture model. We obtained p = 3 for SVR, and
p = 9 for Graph Embedding. Figure 5.5 shows the results of mean error and normalized error calculated by Kalman filtering with p = 3, and compares the root mean
square errors when p = 3 and 9. We can see that the obtained matrix C with p = 9
performs better than that of matrix with p = 3, because of smaller RMSEs. The
normalized error is computed by (5.5.45) with  = 0.056. When we choose matrix
with C with p = 3, it is convenient to compare the listeners self-reported emotions
with the predicted time-varying emotion dynamics. Figure 5.6 compares the output
of dynamic texture model (p = 3) applying Kalman smoothing (KS) with the selfreported emotion dynamics in time series, given the music ”Piano Sonata No. 11 in
A, K.331-III. Rondo alla turca” with length 210 seconds. The RMSE of arousal is
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Figure 5.5: The mean error, root mean square error and normalized error calculated
by the Kalman filtering in the scenario of knowing matrix C.

Figure 5.6: The comparison of self-reported emotion dynamics in time series with
the output of dynamic texture model applying KS, MLE, EM-RTS and EM-MVS.
0.0586, the RMSE of valence (0.0364) is the smallest, and the RMSE of resonance
(0.0690) is the largest. Therefore, valence is easier to be rated than resonance in
collecting time-varying self-reported musical emotion dynamics.
In the scenario of unknown observation matrix C, we utilized our presented
Kalman filtering and smoothing to calculate time-varying emotion dynamics. To
illustrate how different parameters in dynamic texture model, we set the emotion
space dimension p = 3 to learn the dynamic texture model by different approaches.
We learned parameter set Θ by MLE and EM with Kalman filtering and smoothing,
and then we compared the parameter set Θ̄ with Θ by the cross entropy H(Θ̄, Θ)
given in (5.5.44). However, we also used the normalized error norm as an addi121

Table 5.2: Results of emotion dynamics prediction using different parameters
Model

RMSE

norm

H(Θ̄, Θ)

MLE

0.0736 ± 0.0012

43.18 ± 6.257

−9.372 ± 2.146

EM-RTS

0.0563 ± 0.0008

28.34 ± 1.343

−4.732 ± 0.856

EM-MVS

0.0512 ± 0.0008

25.56 ± 1.172

−4.176 ± 0.637

tional qualitative metric. We applied the average emotion dynamics obtained by
the listeners self-reported emotion values as the benchmark. Table 5.2 gives the
results of music emotion dynamics prediction in time series. The RMSE, norm and
H(Θ̄, Θ) are averaged from the test set. We find that EM algorithm has significant improvement over MLE. Furthermore, EM-MVS has better performance than
EM-RTS, that is because minimum-variance smoothing has better effect than RTS
smoothing. Figure 5.6 also shows the results of emotion dynamics prediction in time
series by MLE, EM-RTS and EM-MVS using music ”Piano Sonata No. 11 in A,
K.331-III. Rondo alla turca”. We can see that the emotion dynamics obtained by
EM-MVS is closer to ground truth emotion values in time series. As use of EM
algorithm in learning model parameter, we also find that convergence becomes very
slow after a few cycles, and time complexity becomes very large. In order to obtain
a better candidate model, the training dataset for DTM should be larger.
To investigate the performance of multiple dynamic textures, we utilized multiple
selected subsets from test data of music that convey different emotion states. Then
we learned eight different dynamic textures by EM-MVS to form multiple dynamic
textures model, and give some prior on each dynamic texture. Figure 5.7 shows
the average accuracy of predicting emotion state by using our learned multiple dynamic texture model. The average recognition accuracy is 88.44%, and the average
accuracy of segmentation by multiple dynamic texture is 92.61%, showing that the
122

Figure 5.7: Average recognition accuracy of multiple dynamic textures.

Figure 5.8: Music segmentation based on recognized dynamic textures, given a piece
of music ”Chaconne In D Minor by Bach” with length 840 seconds.
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Figure 5.9: Accuracy of music retrieval based on time-varying emotion dynamics.

performance is fairly robust with a suitable prior probability for candidate dynamic
texture. Figure 5.8 presents an example of music segmentation based on recognized
dynamic textures, given a piece of music ”Chaconne In D Minor by Bach” with
length 840 seconds. It shows that the segmentation by multiple dynamic textures is
more meaningful than segmentation by self-structure similarity of acoustic features.
The ultimate goal is to retrieve music based on the time-varying emotions. We
used different clips to test music matching through subsequence DTW. We manually
segmented the matched subsequences within the test dataset, and then calculated
evaluation metrics such as precision, recall, and F1 score. Table 5.3 illustrates the
retrieval performance using Euclidean distance and inner product to measure the
distance functions. The DTW distance threshold is set to τ = 0.30. It also compares
the results of music retrieval based on the time-varying emotion dynamics with
music retrieval based on acoustic features. We can see that music retrieval based on
time-varying emotion dynamics (F1 = 0.8953) has better performance than music
retrieval based on acoustic features (F1 = 0.7661). This is because music retrieval
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Table 5.3: The performance of music retrieval by subsequence DTW with
respect to different distance functions
Strategy

Precision

Recall

F1 score

Euclidean distance (emotion)

0.9152

0.8763

0.8953

Inner product (emotion)

0.8715

0.8524

0.8618

Euclidean distance (acoustic)

0.7851

0.7481

0.7661

Inner product (acoustic)

0.7308

0.7065

0.7184

Table 5.4: Comparison of different DTW distance threshold τ for
time-varying musical emotion retrieval
Threshold τ

Precision

Recall

F1 score

τ = 0.10

0.9506

0.7840

0.8593

τ = 0.20

0.9402

0.8661

0.9016

τ = 0.30

0.9275

0.9141

0.9208

τ = 0.40

0.8782

0.9167

0.8970

based on emotion is more natural and reasonable for people’s behaviors. In addition,
Euclidean distance performs better than inner product for computing DTW. Figure
5.9 shows cross-validation results for query by music clip on our test set. We can see
that as the number of retrieval trails increase, the average accuracy will increase.
After we had 200 retrieval trails, the average accuracy increases slowly, and gradually
remains stable. In addition, we also investigated the role of the predefined DTW
distance threshold τ on the retrieval results, as shown in Table 5.4. Not surprisingly,
a small threshold τ can yield a high precision and a low recall. When we increase
τ , the recall will also increase, while the precision will decrease. Furthermore, we
can see that when τ = 0.30, the F1 score is the highest (0.9208), which constitutes
a good trade-off between precision and recall.
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5.7

Summary

In this chapter, we presented an effective time series model for analyzing musical
emotions over time. The DTM model was applied to represent a short excerpt of
time-varying emotion dynamics conveyed by music. Kalman smoothing methods
(e.g., RTS, MVS) were utilized to enhance the prediction accuracy of DTM. Furthermore, the MDT model was constructed to represent the long excerpts of music
with multiple emotion states. Given a novel music excerpt, we applied the learnt
optimal MDT model to generate predictions of its music dynamics in time series.
In addition, we also easily segmented it based on emotion states obtained by MDT.
We tested the results of time-varying emotion prediction by MDT, and compared
them with the self-reported emotion dynamics. In the range of a given small threshold, the average emotion state recognition accuracy of MDT was satisfied. Then
we presented dynamic time warping for music retrieval at the emotion level. The
retrieval was in the form of query-by-subsequence. Through setting a reasonable
DTW distance threshold, we were able to obtain an optimal ranked list of query.
Experimental results demonstrated that DTM combined with Kalman filter and
smoothing were able to effective predict time-varying emotions in music. In addition, subsequence DTW played a key role in retrieving music from a lengthy piece
of classical music. The warping strategy of FastDTW was able to decrease the computation time complexity. The disadvantage of this work is that all these primarily
concentrated on the music aspect, and there is lack of objective evaluations of emotions conveyed by music in time series. Consequently, in the future, we will consider
human’s physiological changes acquired by electromyogram (EMG), skin conductivity (SC), electrocardiogram (ECG) or respiration in music listening to measure their
real emotion values, instead of self-report emotion evaluations. After that we are
able to find the best match between the listener’s real-time emotion and emotion
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conveyed by music, which provides a promising approach for intelligent real-time
music recommendation or playlist generation.
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Algorithm 2: EM Algorithm with Kalman Filtering and Smoothing
i
Input: A musical audio sequences with N elements: Y = {y0:T
}N
i=1
Output: The learned optimal DTM parameter set Θ̂ = {A, Q, C, R, µ0 , Σ0 }
1:

Initialize the DTM model parameter set Θ(0)

2:

repeat

3:

Perform E-step:

4:

if RTS Smoothing then

5:

Use the model parameters Θ(k−1) at iteration k − 1, Kalman filtering and
RTS smoothing in Equations (5.2.6)-(5.2.14) to update the smoothed
estimates xt|T , Pt|T , Pt,t−1|T .

6:

end if

7:

if Minimum-Variance Smoothing then

8:

Use the model parameters Θ(k−1) at iteration k − 1, and
minimum-variance smoothing in Equations (5.2.15)-(5.2.19) to update the
smoothed estimates xt|T , Pt|T , Pt,t−1|T .

9:

end if

10:

Perform M-step:

11:

Use the above smoothed estimates to update model parameters µ0 , Σ0 , A,
C, Q, R by Equations (5.2.31)-(5.2.35) to obtain Θ(k) at iteration k.

12:

until convergence

13:

return an optimal DTM model parameter set Θ̂
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Algorithm 3: Dynamic Time Warping for Music Retrieval Based on Timevarying Musical Emotions
Input: Target sequence U = (u0 , u1 , . . . , u|U | )
Query sequence V = (v0 , v1 , . . . , v|V | )
Predefined distance threshold τ
Output: A ranked list L of subsequences of U
1:

Initialize L to be an empty list

2:

Compute the DTW distance Matrix D in (5.4.41)

3:

repeat

4:

Determine the index b by minimizing DTW distance D(|V | + 1, b)

5:

Determine the index a by backtracking of DTW, and choose maximal index
such that p` = (a, 1)

6:

Add the subsequence U (ua : ub ) to the list L

7:

Set D(|V | + 1, b0 ) = ∞ for all b0 within a suitable neighborhood of b, given
radius λr

8:

until

9:

return ranked sequence list L
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Chapter 6
Towards Intelligent Affective
Recommendation of Music
At present, affective computing is an extremely important field dealing with the
issues regarding emotions and interactions with computers, and the goal of it is
to recognize, interpret, process, and simulate human emotions. Therefore, it is
benefited for intelligent system. Since music can evoke emotions, it is feasible and
promising to perform affective recommendation of music.
Through the work of last three chapters, we have already built up RAV musical
emotion model, and carried out music emotion recognition and retrieval. Most of
the current music recommendation systems fail to provide recommendation based
on the user’s emotion. It is a challenge due to its complexity and interdisciplinary.
This chapter will attempt to deal with music recommendation in the context of
affective computing. To start with, assumptions on emotion elicitation from music
will be given. Next, musical emotion intensity, emotion intensity decay model, and
an emotion state transition model will be explained. Then, emotion-aware system
will be constructed to predict the user’s dynamic emotion in music listening. Finally,
we will present an intelligent affective recommendation system of music.
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6.1

Introduction

Recent researches on music perception, psychology, cognitive and neuroscience have
reported that human emotions play a significant role in design intelligent affective
system. Therefore, taking the user’s dynamic emotion evoked by music into account
is necessary and flexible in designing such intelligent affective music recommendation
systems. However, we find that most of current music recommendation systems
ignore this key emotional or affective factor in recommendation.
Many studies in psychology and physiology have been carried out to evaluate emotion evoked by music. Physiological changes (e.g, heart rate, blood, pressure, etc.)
are often used to recognize emotion and its changes in music listening [1, 127, 107],
and some affective music systems have been developed [123, 237]. However, special
wearable devices are required to detect physiological biosignals (e.g., electrocardiogram, electromyogram, etc.). Thus, it is difficult and inconvenient to provide music
recommendation by the user’s emotion detected by these wearable devices. However, By using techniques in pattern recognition and machine learning, the user’s
dynamic emotion in music listening can be modeled and predicted through mining
his or her personalized listening history in current session [46].
The goal of this chapter is to construct an intelligent affective recommendation
system of music based on the predicted dynamic emotion of the user. To this
end, we first need to perform a music emotion recognition system that is able to
recognize emotion states conveyed by music. Then, an emotion-aware system is
designed to predict the user’s dynamic emotion state through affective computing
techniques on emotions induced by music listening sequence. More importantly, the
conditional random fields method is adopted to achieve this purpose. Finally, music
recommendation is conducted by matching the predicted user’s emotion state and
emotions expressed by candidate music pieces, and then a top-N list of music is
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recommended to the user corresponding to his or her dynamic emotion predicted.

6.2

The Overview of Proposed Method for Intelligent Affective Recommendation of Music

As emotion is highly complex and influenced by many factors such as time, location,
mood, and even the user’s life experience, events in the recent past, and interpersonal relationships, incorporating all factors is too complex and is beyond the
scope of this dissertation. Therefore, to simplify the condition on emotion elicitation,
we first make some assumptions on emotion perception. We assume initially that
the listener’s emotion is neutral, and the listener’s emotion state will invoke to
Si when his or her listen to a piece of music conveying emotion state Si . In our
assumption, the listener’s current emotion is only determined by his or her previous
music listening list in a short-term session. Suppose that the circumstance of emotion
elicitation is not satisfied with our assumptions, the perception of emotion from
music may not be necessarily mirror what a listener is actually feeling. Therefore,
our proposed recommendation method is not appropriate for this circumstance.
The goal of this section is to construct an intelligent music recommendation
system based on the user’s dynamic emotion. To this end, a particular method is
proposed and presented in this section under above assumptions on emotion elicitation and perception. Suppose that the music listening sequence of the listener u
in a short-term session is given by Mu = {m1 , m2 , · · · , mN }, the paradigm of our
proposed recommendation method consists of the following three steps:
1. First, ∀ music sequence Mu , music emotion recognition module is performed
to recognize emotion states of music in this sequence, thus the corresponding
sequence of emotion states is generated, denoted by Su = {stu1 , stu2 , · · · , stuN }.
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2. Next, emotion state prediction module is performed using conditional random
fields, thus the listener’s predicted emotion state can be expressed by ŝ =
arg max P (si |Su ), where si is a candidate emotion state (si ∈ S, and S is the
collection of finite emotion states), and P (Su ) is the Markov chain on emotion
states with the transition probabilities. Therefore, the outcome of this step is
the predicted emotion state of the listener: ŝ.
3. Finally, relying on the predicted emotion state ŝ of the listener, recommendation base Su,ŝ is generated, and then corresponding influence weight vector
Λ of Su,ŝ is calculated. After that recommendation algorithm is performed to
generate an output of the optimal ranked music list Mur = {m01 , m02 , · · · , m0N }
which has the highest emotion similarities to Su,ŝ .
The overall structure of our proposed intelligent dynamic emotion-based music
recommendation system is illustrated in Figure 6.1. Moving from left to right in this
figure, there are three modules in order to handle music recommendation task: music
emotion recognition module, emotion state prediction module, and recommendation
module. The following three paragraphs gives brief explanations for each module.
In the module of music emotion recognition, relying on the RAV musical emotion
representation mentioned in Chapter 3, we extract musical audio features (arousalbased features, valence-based features and resonance-based features) from training
music dataset, and then select the most emotion-relevant features to represent musical emotion. Then, we construct robust regression models to recognize emotion of
novel pieces of music, while the results of dimension reduction (e.g., PCA, Graph
Embedding, etc.) are used for computation of emotion similarity.
As for emotion state prediction module, considering that emotion can reflect
a short-term psychological response of the listener, the intelligent system are able
to learn the listener’s dynamic emotion state from his or her historical listening
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Figure 6.1: The overview of intelligent time-varying emotion-based music recommendation system. There are three modules shown from left to right: music emotion
recognition , emotion state prediction, and recommendation module.

list within a listening session. Each piece of music in the historical listening list
expresses an emotion which has influence on the listener’s current emotion state,
and this emotion influence can be modeled by emotion intensity decay model. In
addition, Emotion state transition model need to be learned before the conditional
random field (CRF) method applied to predict the listener’s current emotion state.
In the recommendation module, the intelligent recommendation system will recommend music based on the predicted emotion state (in which the listener may want
to listen to) and recommendation base. The musical emotion similarity measurement
and related musical emotion ranking algorithm are applied, and finally an optimal
ranked music list will be produced to achieve affective music recommendation based
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on the predicted emotion state obtained in step 2. In the following sections, each
step of the proposed method for recommendation is described in further detail.

6.3

Computational Models for Musical Emotion
in Affective System

Affective computing aims to recognize, interpret, process, and simulate human emotions, which is capable to make great contribution in improve intelligent system
performance and adaptivity. In the remainder of this section we shall use the theory
of affective computing to illustrate the computational models for musical emotion.
To get started, we will give some assumptions and description on emotion elicitation and perception in our scenario. Although actually the user’s emotion state
is influenced by many factors such as time, location, environment, mood, and even
the listener’s life experience, events in the past, inter-personal relationships, etc.
[39], it is quite complex and difficult to construct computational models by incorporating all these factors to emotion perception, which is also beyond the scope of
this dissertation. In addition, the perception of emotion from music is a complex
cognitive process, and the interaction between all these factors (e.g., time, location,
environment, etc.) is still not well studied in the fields of psychology and physiology.
To simplify the conditions for emotion elicitation and perception, we only consider
the following simple scenario and assumption: The user’s emotion perception is only
affected by music that listening to. That’s to say, the user’s emotion state will evoke
to ESi when listening to a piece of music expressing emotion state ESi . For example,
the listener becomes sad while listening to a sad-sounding music and the listener becomes joyful while listening to a joyful-sounding music. Hence, if the condition and
circumstance of emotion elicitation are not of our making, the perception of emotion
from music may not be necessarily mirror what a listener is actually feeling.
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6.3.1

Musical Emotion Intensity

Apart from qualitative analysis of the user’s emotion state perception from music,
quantitative analysis of emotion perceived by the user is necessary. In psychology and emotion theory [69], emotion involves an intensity attribute which is often
assessed by an emotional intensity scale (EIS) [210]. Similarly, musical emotion
intensity is a scale measurement of emotion perceived from music.
According to previous assumption on emotion elicitation and perception, musical emotion intensity is depend on emotion expressed by music. In OCC model
[70], emotion intensity is calculated by Euclidian distance in three-dimensional PAD
emotion space. Similarly, in our scenario, musical emotion intensity is calculated by
p-Norm distance in RAV musical emotion space. Given a piece of music mi , rely
on the RAV musical emotion model, the emotion expression of mi is represented by
Emi = hESi , ravi i, and mi is located at a point P (γi , αi , νi ) through regression in the
three-dimensional RAV musical emotion space. The intensity of emotion perceived
by the user listened to mi is defined by the p-norm distance between zero point
O(0, 0, 0) and P (γi , αi , νi ), which can be calculated by
1

Intensitymi = kravi kp = (γip + αip + νip ) p

(6.3.1)

Therefore, we can obtain the listener’s initial emotion intensity by setting an appropriate p, where p is usually selected as p = 2, or 3 in the experiment.

6.3.2

Emotion Intensity Decay Model

In line with the assumption of emotion perception form music, we have given an
example of the paradigm of emotion influence of historical music listening list to
current emotion state. Suppose that a listener (u) and his or her emotion was
evoked by music at time step (t), we denote his or her emotion state perceived at
this time step by stu , where stu ∈ S. Therefore, relying on the listener’s historical
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listening list {m1 , m2 , · · · , mn } during a listening session, we can implicitly obtain a
corresponding sequence of emotion states expressed by this historical music listening
list, denoted by Su = {stu1 , stu2 · · · , stun }, which has different degrees of influence on
t

elicitation of the successive emotion state sun+i at time step (tn+i ). This complex
time-varying influence will be modeled by emotion intensity decay model as follows.
To our knowledge, emotion intensity tends to wax and wane with time. Picard
[168] has pointed out that emotion intensity dynamically changes during its life
cycle, and the intensity of an emotion will be to weak through time after it is generated. Furthermore, she proposed to computationally model the process of emotion
intensity decay (EID) by using the inverse of the exponential function. Many other researchers [49, 71] also take this view and would apply similar expressions for
modeling EID for different purposes, and prove it is effective in the field of affective
computing. Therefore, we apply this strategy and employ her proposed method to
model the process of musical emotion intensity decay. The original expression for
the relationship between the intensity of emotion (e) and the duration time (t) was
given by Picard [168] as follows:
Intensity(e, t) = Intensity(e, t0 ) × exp (−σ · t)

(6.3.2)

where the constant factor σ represents the intensity decay factor of the given emotion
(e), determining the speed of emotion intensity decay. The limitation of the above
expression is that it is underfitting the ground truth emotion intensities over time.
To solve this problem and improve fitting of EID model, Ghallab et al. [71] utilized
inverse sigmoid function and introduced a parameter called half-life which is the
amount of time required for emotion intensity falling to one half of its initial scale.
We adopt this strategy to better quantify emotion intensity decay process, and the
expression of intensity of musical emotion (e) and duration time (t) is rewritten as
Intensity(qi , t, t0 , µ, σ) =

qi
1 + exp {(t − t0 − µ)σ}
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(6.3.3)

where qi refers to the initial emotion intensity triggered at time t0 which is the onset
time of the emotion generated, and the notation of σ is the decay factor of the
emotion, and the notation of µ is the half-life time of that emotion. If σ is small,
the emotion intensity will decay slowly. Otherwise, the emotion intensity will decay
faster. Through experience in practice, we find that some negative emotions (e.g.
sad, pessimism) decay slowly, while some positive emotions (e.g. pleased, joy) decay
rapidly. Since there are eight emotion states in RAV musical emotion model, there
are corresponding eight distinct emotion intensity decay factors. As the emotion is
a short-term experience that lasts seconds to serval minutes at most [57], for the
sake of simplicity, in the experiment, we can assume that the half-life µ is a small
time constant, for example, empirically from 90 seconds to 6 minutes.

6.3.3

Emotion State Transition Model

Emotion is a short-term physiological response, and it moves flexibly to response
to various stimuli [98]. Normally, and naturally, each emotion state is prone to remain unchanged, with a higher probability than transition to other emotion states.
Further, some emotion states are more likely to transit to certain emotion states,
while others are less likely to transition. For instance, without any other external
influence, the listener with an emotion of happy is more likely to transit to the emotion of clam than transition to the emotion of sad. Further, the emotion transition
from calm to happy is not the reverse process of transition from happy to calm. To
model the emotion state transition process, we apply the theory of directed graph
and Markov chain [157] to give a clear definition on emotion state transition (EST).
Definition 6.3.1 (Emotion State Transition). An emotion state transition refers
to an emotional change of the listener from one emotion state to another on an
emotion state space. EST is represented by a directed graph G(ES, A) in which ES
is the set of emotion states and A is the set of directed edges. ESi → ESj denotes
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Figure 6.2: Illustration of emotion state transition. P (ESi,j ) represents the transition probability from ESi to ESj . P (ESi,i ) refers to the probability of the self-loop
with the same start and ending emotion state.
emotion state transition from ESi to ESj . P (ESi → ESj ) represents the probability
of emotion state transition from ESi to ESj . Given a finite number N of emotion
states, EST can be represented by an emotion state transition matrix P (ES)N ×N
whose elements are the emotion state transition probabilities {P (ESi → ESj )}.





 ES1,1 ES1,2 · · · ES1,N 


 ES2,1 ES2,2 · · · ES2,N 


P (ES)N ×N =  .
..
.. 
...
 ..
. 
.




ESN,1 ESN,2 · · · ESN,N
P
where the elements in each row of P (ES)N ×N sum to one, N
j=1 ESi,j = 1, with i =
1, 2, . . . , N . Therefore, the matrix P (ES)N ×N is a stochastic matrix. Furthermore,
as emotion state transition from ESi to ESj is non-symmetric (ESi,j 6= ESj,i ),
P (ES)N ×N is a non-symmetric matrix.
Since there are eight finite emotion states in our scenario, we can obtain an
8×8 emotion state transition matrix P (ES)8×8 = {ESi,j ) | 1 ≤ i, j ≤ 8 }, where
0 ≤ ESi,j ≤ 1. We define a prior probability of emotion state transition P (ESi,j ) to
represent transition from emotion state ESi to ESj . Figure 6.2 shows the illustration
of emotion state transition. P (ESi,i ) represents the probability of the self-loop with
the same start and ending emotion state.
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6.4

Dynamic Emotion-Aware System Modeling

In order to construct an intelligent recommendation system described is Section 6.2,
emotion-aware in the system is predominant. This section presents how to build an
dynamic emotion-aware system based on the user’s listening history in a session.

6.4.1

Problem Formulation

The key issue to dynamic emotion-based music recommendation is how to detect
the listener’s dynamic emotion state. Detecting the listener’s dynamic emotion is
a challenge because emotion is a complex physiological response of human beings,
influenced by many factors such as time, location, environment, and even the listener’s life experience. However, incorporating all these factors that affect a person’s
emotion in determining the listener’s emotion is too complex and currently there
is no consensus on this issue. Furthermore, capturing the listener’s physiological
response such as heart rate, skin conductivity, even brain wave is also difficult and
complex. Therefore, to simplify and model this issue, in our scenario, we give the
problem formulation of the listener’s dynamic emotion state prediction as follows.
Given a listener (u) and his or her historical music listening list Mu = {m1 , · · · , mN }
in a listening session (a short period of time), it is desired to determined his or her
current emotion state ESu = Prediction(Mu ) that has given rise to Mu . The lisˆ u of
tener’s dynamic emotion state is not observed and formulate a prediction ES
current dynamic emotion state ESu , based on Mu .

6.4.2

Methodology

Since we measure the most possible changes of the listener’s emotion state based
on his or her previous listening list in a session, the paradigm for this process is
presented here: given a listening list Mu = {m1 , m2 , · · · , mN } of the listener u in a
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listening session, a sequence of corresponding emotion states can be implicitly obu
}.
tained by RAV musical emotion model, denoted by ES u = {ES1u , ES2u , · · · , ESN

This sequence of emotion states has influence on elicitation of the successive emotion
u
u
state ESN
+i , where i is the index of emotion states starting form ESN . According to

the computational model of emotion intensity decay in Section 6.3.2, the influence
of each piece of music in the list Mu to current emotion state can be calculated sensibly. Consequently, we propose to adopt discriminative and conditional probability
theory to model dynamic emotion state prediction, computing the probabilities of
the current possible emotion state of the listener given implicit observations ES u .
u
The influence weight of each emotion state in ES u is represented by P (ESj+k
|ESju ),
P
u
ˆu
where 1 ≤ j ≤ N , 1 ≤ j + k ≤ N , and N
j=1 P (ES |ESj ) = 1 that means all these

influence weights are normalized and sum to one.
Conditional Random Fields
We apply conditional random fields (CRF) [116] to predict the listener’s dynamic
emotion state based on his or her previous music listening list in a session. CRF is an
undirected graphical and discriminative model, which models conditional probability
P (Y |X) of a particular label sequence Y, given observation sequence X. Therefore,
the task of the listener’s dynamic emotion state prediction can be expressed as
ˆ u = arg max P (ESi |ES u )
ES
where i is the index of emotion states in RAV musical emotion space, and 1 ≤
i ≤ 8. ESi is a candidate emotion state for prediction. Through computation of
ˆ u for prediction is decoded.
P (ESi |ES u ), the most likely current emotion state ES
The illustration of emotion state prediction by conditional random fields is shown
in Figure 6.3. The log-linear formula of CRF in our scenario is represented by
(K
)
X
1
P (ESi |ES u ) =
exp
λk Fk (ESi , ES u )
(6.4.4)
Z(ES u )
k=1
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Figure 6.3: Graphical model of a linear-chain conditional random fields (CRF) for
the listener’s dynamic emotion state prediction.
where Fk represents a feature function which is corresponding to emotion intensity
decay function. Further, feature function Fk is weighted by parameter λk , and K is
the total number of feature functions in this sequence ES u , where 1 ≤ K ≤ 8. The
constant Z(ES u ) represents a normalization factor for the sequence ES u , partitioning this sequence and guaranteeing the distribution sum equal to one. Therefore,
the expression of Z(ES u ) yields the following form:
(K
)
X
X
Z(ES u ) =
exp
λk Fk (ESi , ES u )
ES

(6.4.5)

k=1

Considering that emotion states in sequence ES u have different degrees of influence
u
on current emotion state ESN
+1 , emotion intensity decay function given in Equation

(6.3.3) is utilized to represent feature function Fk . Therefore, aggregated feature
function Fk (ESi , ES u ) is represented by the following formula:
u

Fk (ESi , ES ) =

T −1
X

fk (ESi , tj ) =

j=1

T −1
X

Intensity(ESi , tj )

(6.4.6)

qj
1 + exp(tj − t0 − µ)σk

(6.4.7)

j=1

=

T −1
X
j=1

where T is the current time step, and fk (t) is the k-th emotion intensity decay
function with decay factor σk . The index j represents the time step tj of music with
emotion state ESi , and qi represents its initial emotion intensity. Consequently,
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through computation of P (ESi |ES u ) by CRF, the listener’s current emotion ŝ can
be predicted by choosing the emotion state with the largest probability.

6.5

The Algorithm of Intelligent Affective Music
Recommendation

Our proposed music recommendation scheme is based on the predicted listener’s
current emotion state. Using the implicit sequence of emotion states obtained from
the listener’s music listening list, we can not only predict the listener’s current emotion state, but also separate it into subsequences with respect to different emotion
states. The general paradigm can be outlined as follows. Given a listener’s listening list in a session denoted by Mu = {m1 , m2 , · · · , mN }, we can implicitly obtain
u
} by music
the corresponding emotion state sequence ES u = {ES1u , ES2u , · · · , ESN

emotion recognition. Supposing the predicted emotion state is ESi , and there are
k pieces of music belonging to this emotion state, thus we select this subsequence
denoted by Mu (ESi ) as the base for recommendation. Therefore, our proposed recommendation system attempts to make a decision that selects an optimized ranked
music list which has the highest emotion similarities to Mu (ESi ).

6.5.1

Music Emotion Similarity

Relying on the comparison of music emotion recognition performance by using PCA,
SVM, and Graph Embedding, Graph Embedding is selected to handle musical audio
features to map them into RAV musical emotion space to obtain a d-dimensional
musical emotion value rav. Through model learning of Graph Embedding described
in Chapter 4, we can obtain the optimal projection matrix HK×d , and then project
the K-dimensional musical audio features X to RAV musical emotion space Rd
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by X T H. Thus, the music emotion value rav can be computed by rav = X T H.
Therefore, given two music excerpts mi , and mj , the emotion similarity of these two
music excerpts can be calculated by inner-product as follows:
F(mi , mj ) = (XiT H)(XjT H)T = XiT HHT Xj

(6.5.8)

In addition, corresponding to the regression approaches to handel musical audio
features, hence we can obtain a three-dimensional musical emotion value rav. Therefore, we can use Euclidean distance or Cosine distance to compute music emotional
similarity. Given N pieces of music, their emotional similarity can be expressed by
a N × N emotional similarity matrix denoted by FN ×N , where each generic entry
F (i, j) is nonnegative and represents the emotional similarity between music mi and
music mj , and F is a symmetric matrix (F = F T ). This emotional similarity matrix
can be used to form clusters with respect to musical emotion.

6.5.2

Music Emotion Ranking

The ultimate goal of our proposed recommendation system is to recommend a music
list that can best matches music subsequence Mu (ESi ) formed by the predicted
emotion state ESi . Considering that each piece of music in the subsequence Mu (ESi )
u
has some degree influence on current emotion state ESi+1
, we define the influence

weight factor λmi for music mi in Mu (ESi ) as follows:
Intensity(qi , tmi , t0 , µ, σ)
λmi = Pn
k=1 Intensity(qk , tmk , t0 , µ, σ)

(6.5.9)

where tmi refers to the time when the listener produces emotion evoked by music
mi , qi is the initial musical emotion intensity obtained by `2 -norm in RAV musical
emotion space, and n is the the number of music excerpts in subsequence Mu (ESi ).
We attempt to obtain an optimized ranked music list that corresponds to predicted listener’s emotion state. That’s to say, the recommended music list should
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have the highest emotional similarities to subsequence Mu (ESi ). Consequently, we
convert this ranking problem to the following optimization problem by minimizing
dissimilarity of musical emotion between Mu (ESi ) and N candidate pieces of music,
with quadratic regularization terms.
)
( N
X
η
η1
2
minimize Φ(Θ) =
ΛF + kΘk22 + kHk22
x
2
2
j=1



Λ = [λm1 , λm2 , · · · , λmk ]




subject to
Θ = [θ1 , θ2 , · · · , θN ]T





F = [F , F , · · · , F ]T , F = Pk F(m0 , m )
j
1
2
k
i
i
j=1

(6.5.10)

where η1 , η2 > 0 refer to regularization parameters, k is the size of sequence
Mu (ESi ), and θi = m0i . We can apply minimization iteration methods [165] to solve
this optimal ranking problem. Influence weight vector Λ and regulation parameters
η1 and η2 have significant effect on performance of our proposed emotion-based music
recommendation algorithm. The details of music emotion ranking and recommendation procedure are provided in Algorithm 4, which consists of the initialization
process and the iterative process of emotion similarity minimization. Given the input
sequence Mu (ESi ), projection matrix H, and regularization parameters η1 and η2 ,
the algorithm will output a optimal ranked music list ΘM with the highest emotional
similarities to sequence Mu (ESi ). In the initialization process, we first compute the
influence weight factor λmi by Equation 6.5.9, and music emotion similarity matrix
by Equation 6.5.8. Then the algorithm randomly chooses N candidate music objects
by function RandomCandidateSet(N) to compose a candidate music recommendation list ΘM . Next the composed music list ΘM will be sorted by music emotion
similarity matrix F . In the iteration process, the algorithm adopts minimization
iteration method to minimize Cumulated music emotion similarity Φ(ΘM ) until all
music objects in the database have been processed. Finally, an optimal ranked music
list ΘM = {m01 , · · · , m0N } is the output of our proposed recommendation algorithm.
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6.6

Improving Recommendation Quality

As mentioned previously, the proposed recommendation algorithm is based on the
emotion-aware system. However, the limitation of this emotion-aware system is that
it only analyzes the user’s listening history and emotions expressed by these music
objects. Therefore, it is necessary to provide a mechanism to interact with users to
reinforce recommendation quality.

6.6.1

Reinforcement Learning: Learning from Interaction

In this scenario, the recommendation process is formulated in a sequential manner.
First, the recommendation system suggests a recommendation list of music to the
listener based on his or her emotion state. Then the system obtains feedback from
interaction with the listener. Finally, a new recommendation list is recomputed and
presented to the listener again. Reinforcement learning (RL) is a learning framework that interacts with an environment to learn optimal actions for each state to
maximize the accumulated reward over time. Further, an optimal solution for interactive reinforcement learning is determined by the interactive reward function and
the optimal policy that learns from the listener’s feedback to the recommendation
system. Therefore, we can solve the above dynamic online interaction problem by
using interactive reinforcement leaning.
Reinforcement learning can be represented as Markov Decision Processes (MDP).
The paradigm of RL is usually represented by a tuple < S, A, Psa , Rwd >, where
S denotes a set of states, A stands for a set of actions, Psa represents the state
transition probability if we take action a ∈ A in state s ∈ S, and Rwd is a reward
function that represents the immediate reward of a transition. A policy is given
by any function π : S 7→ A which maps the states to the actions. The solution to
MDP is to find an optimal policy. More specifically, the goal is to maximize the
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Table 6.1: Reward values corresponding to listeners’ behaviors from explicit and
implicit feedbacks in reinforcement learning
Listeners’ Behavior
The listener strongly likes a piece of recom-

Reward Value

Description

5

explicit feedback

3

explicit feedback

0

explicit feedback

-1

implicit feedback

-1.5

implicit feedback

-2

implicit feedback

-5

explicit feedback

-3

explicit feedback

mended music in a given emotion
The listener likes a piece of recommended
music in a given emotion
The listener has neutral feeling on a piece
of recommended music in a given emotion
A piece of recommended music is listened
to more than 70% up to the total length
A piece of recommended music is listened to
between 30% and 70% of the total length
A piece of recommended music is listened
to less than 30% of the total length
The listener strongly dislikes a piece of recommended music in a given emotion
The listener dislikes a piece of recommended
music in a given emotion

expected sum of rewards denoted by E{

P∞

t=0

ϕt Rwd(st , at )}, with future rewards

discounted by a factor ϕ ∈ (0, 1]. We use the reinforcement learning algorithm to
find the optimal recommendation list. In our scenario, the state space models ntuples of music M = (m1 , m2 , · · · , mn ) and the predicted listener’s emotion state
E = (e, p) in the listener’s playlist in a certain session, denoted by s = hM, Ei, where
e = arg max P (ei |M ) and p = max P (ei |M ). The action corresponds to a music
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recommendation list. The reward is based on the listener’s feedback. We assume
there are two types of feedback: explicit and implicit feedback. Explicit feedback is
obtained by listeners indicating like or dislike explicitly using a graded scale system
(like, strongly like, or dislike, strongly dislike). Implicit feedback is inferred from
listeners’ behaviors such as selecting (or not selecting) the recommended music, and
the percentage of a piece of recommended music listened to.
We apply a graded scale system to represent the extent that listeners like or
dislike the recommended music based on their emotional feelings after listening,
similar to the approach in [122]. We define five levels to represent listeners’ explicit
feedback: strongly dislike, dislike, neutral, like, and strongly like. The listener can
directly provide positive feedback (like, strongly like), neutral, or negative feedback
(dislike, strongly dislike) for the recommended music. To obtain implicit feedback,
we also observe the listener’s preference such as percentage of a piece of recommended music that the listener listened to. This percentage is divided into three
levels (less than 30%, between 30% and 70%, and up to 70%) to present preference.
Table 6.1 shows the reward values corresponding to the listeners’ behaviors.
The state transition is determined by the listener’s feedback to the suggested
recommendation list. The listeners’ behaviors correspond to the following situations.
• Select one piece of music m0 in the recommendation list and give positive
emotional satisfaction feedback, thus the state will transit from hM, Ei to
hM 0 , E 0 i, where M 0 = (m2 , · · · , mn , m0 ), and the rewards are assigned to 3
(like), or 5 (strongly like).
• Select one piece of music in the recommendation list and give neutral emotional
satisfaction feedback, thus the state remains the same and the reward is 0.
• Select one piece of music in the recommendation list but give negative emotional satisfaction feedback, thus the state will transit from hM, Ei to hM, E 00 i,
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and the rewards are assigned to −3 (dislike), or −5 (strongly dislike).
• Select recommended music but only listen part of the selected music (three
different percentage levels), thus the state will transit from hM, Ei to hM, E 000 i.
• The listener doesn’t select any recommended music, but select some nonrecommended music m00 , thus the state will transit from hM, Ei to hM 00 , E 0000 i.
M 00 = (m2 , · · · , mn , m00 ), and the reward is assigned to − N1 , where N denotes
the total number of music pieces in the recommendation list.
• The listener selects nothing, thus the system remains in the same state.
We suppose that a positive music recommendation increases the probability of
the predicted listener’s emotion state in which he or she likes the recommended
music and gives a positive reward. We define the proportionality constant on this
emotion state by ξ1 , where ξ1 > 1. Conversely, a negative music recommendation
decrease the probability of the predicted listener’s emotion state in which he or
she dislikes the recommended music and gives a negative reward. We define the
proportionality constant on this emotion state by ξ2 , where ξ2 < 1. In addition, we
denote by P (ei ) the initial probability of the listener’s emotion state in ei . If there is
no reward form the listener, we assume that the probability of the listener’s emotion
state remains unchanged. Consequently, the expression for the updated probability
P 0 (ei ) of emotion state ei is represented as follows:



ξ1 · P (ei ) if Rwd > 0




P 0 (ei ) = ξ2 · P (ei ) if Rwd < 0





P (e )
if Rwd = 0
i
As the sum of probabilities for all candidate emotion states equals one, with the
dynamically change of P (ei ), correspondingly, the probability for other emotion
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state P (ej ) will be dynamically changed as well. We denote this change factor by
ξ; thus the expression for the updated probability P 0 (ej ) is represented by
P 0 (ej ) = ξ · P (ej ), where ξ =

1 − P 0 (ei )
1 − P (ei )

(6.6.11)

Following the previously mentioned listener’s emotion state prediction policy, relying
on the listener’s feedback, we need to guarantee that the predicted emotion state
has the highest probability. Otherwise, we have to re-choose that emotion state with
the highest probability as the modified current predicted listener’s emotion state,
and then change the seed music as recommendation benchmark accordingly.
To intelligently provide music recommendation list based on the listener’s emotion, we use a Q-learning algorithm that computes a value function Q(st , at ) for each
state st and action at . Since music recommendation is a continuous process, there is
no identifiable terminal state in reinforcement learning. To find the optimal policy,
we firstly initialize Q(st , at ) = 0, and then choose an action at in this state st based
on the predicted emotion epredict . Then the system performs action st , obtains the
reward and transits to the next state st+1 . The value iteration update is given by
Q(st , at ) = Q(st , at ) + αt (st , at )[Rwd(st+1 )
+ ϕ · maxat+1 Q(st+1 , at+1 ) − Q(st , at )]

(6.6.12)

where αt (0 < αt ≤ 1) is the learning rate that determines to what extent the newly
acquired listener’s information overrides the old information, and ϕ(0 < ϕ ≤ 1) is
the discount rate that influences the importance of future rewards. Thus using policy
iteration, we can obtain the optimal policy to generate a new music recommendation
list. The details of above reinforcement learning algorithm is given in Algorithm 5.
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6.7

Experiment 1: Dynamic Emotion State Prediction by Conditional Random Fields

The aim of this experiment is to evaluate the effectiveness and performance of the
listener’s dynamic emotion state prediction by using conditional random fields.

6.7.1

Method

Participants
There were thirty-two participants from the Hong Kong Baptist University took part
in this experiment. All of them were undergraduate or graduate students, and the
average age was twenty-five years, with range from 22 to 30 years. All participants
need to report their dynamic emotion intensity after they listened the given music
excerpts both by self-report and by physiological measurement.

Music Materials
The stimulus materials consist of forty-eight western classical music excerpts chosen by four participants from the musician group. Appendix gives part of selected
music excerpts used as stimuli. To guarantee these selected music clips involving all
eight emotion states corresponding to RAV musical emotion model, each emotion
state involves three representative training music excerpts that obviously evoke its
expected emotion. Additionally, all selected stimuli music audio excerpts are converted to the uniform format, with sampling rate 22050 Hz, 16 bits, 705 bit rate,
and stereo channel. Each experimental music excerpts is truncated to 30 seconds
length to avoid a long piece of music associated with multiple emotions. Therefore,
we formed our stimuli music dataset to estimate musical emotion intensity decay
and emotion state transition probability matrix in this experiment.
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Experimental Design and Procedure
The participants came to the laboratory, and participated CRF model parameter
estimation for the listener’s dynamic emotion state prediction. Two key CRF model
parameters were be learnt from self-report and physiological data collected: emotion
intensity decay factor σi and emotion state transition probabilities P (ES)N ×N .
Emotion intensity decay factor estimation: In order to estimate emotion intensity decay factors, two estimation measurements were carried out. The first
measurement was undertaken by self-report. We explained the concepts of RAV
musical emotion model, and emotion intensity decay to all participants before experiment. Similarly to the procedure of self-report rating of RAV musical emotion
in Section 3.5.1, we also applied online self-report questionnaires to record the participants’ emotion intensity changes over time after they listened to the given music
excerpts. To accurately quantify emotion intensity changes over time, we adopted
Borg Category Ratio (CR10) scale [18, 19] standard to measure musical emotion
intensity range in scale from low, to medium, to high intensity. The numerical Borg
CR10 scale ranges from 0 to 10, where 0 stands for nothing at all, and 10 stands for
extremely strong emotion intensity which is regarded as the maximum value. Table 6.2 shows the details of musical emotion intensity scale based on a modified Borg
CR10 scale measurement in this experiment. The participants were asked to listen
to each given music excerpt from training dataset, and then we applied experience
sampling method (ESM) which required participants to stop at certain times (30
seconds interval) and make reports of their emotional experience by real numbers
(e.g., 0, 0.5, 1, 2, · · · , 10) in real time to record the intensities of their perceived emotions in time series. Moreover, in line with the RAV musical emotion model, there
were eight different emotion intensity decay factors with respect to eight emotion
states, required to be estimated. The evaluation for each training music excerpt was
guaranteed to be carried out at least 10 participants in this experiment to make the
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ratings more objective and reliable.
As the limitation of self-report measurement was subjective, the second measurement undertaken by physiological evaluation was considered. In physiological
measurement, the participants’ physiological changes (e.g., heart rate, skin conductance, etc.) can reflect the changes of intensity of emotion aroused [107]. For
example, when people experience the emotion of anger (or excited), they will also experience some physiological reactions such as their heart rates will increase,
breathing might speed up and so on. Especially considering that incorporating all
physiological response variables is too complex and is beyond the research scope of
this dissertation, to simplify the physiological analysis, we employed heart rate variability (HRV) biofeedback to measure musical emotion intensity changes over time,
which can be used as a supplementary to self-report measurement. In order to collect
the participants hear rates after they listened to the given music excerpts, a software
application named “Instant Heart Rate” developed by Azumio was used here. The
whole procedure was that the participants listened to the given music excerpt, and
placed the tips of their index fingers gently on the camera lens to completely cover
it. Each participant held it steady for at least 10 seconds, then “Instant Heart Rate”
software generated the detected values of his or her heart rate. Each detected his
or her heart rate at different time step (10-second intervals) repeatedly. Therefore,
through the whole records of heart rate produced by “Instant Heart Rate” given in
timeline data (shown in Figure), these dynamic physiological changes (HRV) were
applied to objectively analyze musical emotion intensity decay factors.
Emotion state transition probability matrix estimation: In order to estimate emotion state transition probability, we also designed experiment to test hypothesis
on emotion state transition. After the participants listened to the give music excerpt
with respect to a particular emotion state, they were asked to give their confidence
scores of transition from current emotion state to another emotion state. The confi153

Table 6.2: Musical emotion intensity scale (EIS) Based on Borg Category
Ratio (CR10) scale measurement
EIS Scale Description
0

EIS Scale Description

Nothing at all

5

Extremely weak

6

1

Very weak

7

2

Weak

8

3

Moderate

9

4

Somewhat strong

10

0.5

Strong

Very strong

Extremely strong

Note: Self-report musical emotion intensity scale. Numerical value 0 stands
for no intensity fluctuation, while 10 stands for the full intensity (maximum),
which is extremely strong. The listeners subjectively estimated their dynamic
emotion intensities by giving particular numbers such as 0, 0.5, 1, 2, · · · , 9, 10.

dence score was employed in the self-report evaluation which took an integer value
from 0 to 10, where the minimum value 0 stands for nothing at all, and the maximum value 10 stands for absolute transition from current emotion state to another
emotion state with 100% probability. Each pairwise emotion states tested on selfreported measurement of emotion state transition were guaranteed to be carried out
at least 10 participants in this experiment. Therefore, through multiple transition
test on different training music excerpts associated with particular emotion states,
we hence obtain intuitive confidence scores from all emotion state transitions.

Data Processing and Analysis
For each given training music excerpt, the collected self-report data was averaged
first, and then mean value at each time point was normalized to range from 0 to 1.
Finally, these normalized emotion intensities at each time point were used to analyze
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emotion intensity changes. The collected participants’ physiological raw data (heart
rate) would be preprocessed to filter out the individual differences. The basedline of
heart rate data for each participant had been recorded before he or she listened to
music. The relative deviations from baseline of each participant were normalized to
a continuous scale ranging from 0 to 1, and then used to analyze emotion intensity
changes. The distance between time-varying emotion intensities obtained by two
measurements were calculated, and non-effective data was eliminated by setting an
appropriate distance threshold. Finally, the weighted mean data of time-varying
emotion intensities from self-report and physiological measurement was applied to
estimate emotion intensity decay factors. Figure 6.4 shows the normalized emotion
intensity changes in time series for eight different emotion states.
We applied maximum likelihood estimation (MLE) method to estimate emotion
intensity decay factors σi . Given a sample of n records of time-varying emotional
intensities with respect to emotion state ESi , denoted by D = {It1 , It2 , · · · , Itn },
suppose the density function of this sample distribution complies with emotion intensity decay function of ESi given in Equation (6.3.3). Therefore, the likelihood
function L(σi |D) from this sample can be represented by the following formula:
L(σi |D) =

n
Y

Intensity(tj , σi ) =

j=1

n
Y

qj
1 + exp (tj − t0 − µ)σi
j=1

(6.7.13)

As log-likelihood are often used to make computation conveniently, MLE usually
estimates σi by maximizing ln L(σi ). After taking derivative with respect to σi and
setting it to zero in Equation 6.7.14, we can get maximum likelihood estimator σ̂iM L
which can be regarded as the ground truth emotion intensity decay factor for ESi .
n

∂L(σi |D) X qj (t0 + µ − tj ) exp (tj − t0 − µ)σi
=
=0
∂σi
[1 + exp (tj − t0 − µ)σi ]2
j=1

(6.7.14)

In order to formulate emotion state transition probability matrix, we averaged all
confidence scores of the same pairwise emotion state transition, and then calculated
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Figure 6.4: Example of four emotion intensity decay factors corresponding to related
emotion states in RAV music emotion model. The vertical axis represents normalized
emotion intensity ranging from 0 to 1, and the horizontal axis represents time (each
time unit is 30 seconds).
the probability of emotion state transition from state ESi to state ESj by
P (ESi,j ) = Ci,j /

X

Ci,j

(6.7.15)

j

where Ci,j refers to the average value of confidence score of transition from emotion
P
state ESi to ESj , and P (ESi,j ) is confined by 8j=1 P (ESi,j ) = 1, 0 ≤ i, j ≤ 8.

6.7.2

Evaluation Criteria

To evaluate the reliability and effectiveness of learned probability matrix P(ES) for
emotion state transition obtained by Equation (6.7.15), given the same training
music excerpts, we prepared another group of participants to give their confidence
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scores for emotion state transition, and these collected data were regarded as test
data. Kullback Leibler (KL) divergence was adopted to measure the difference
between two discrete probability distributions of emotion state transition model,
where the distribution of training data was denoted by P, and the distribution of
test data was denoted by Q. Thus, the expression of KL divergence of Q with respect
to P is given by
DKL (P ||Q) =

X

P (i) ln(

i

where P (i) =

P

j

P (ESi,j ), and Q(i) =

P

j

P (i)
)
Q(i)

(6.7.16)

Q(ESi,j ). By the Gibbs inequality,

the result of Equation (6.7.16) is always non-negative, DKL (P ||Q) ≥ 0. If and
only if P = Q, DKL (P ||Q) = 0. Furthermore, the smaller the KL divergence, the
more similar the compared distributions P and Q are. Otherwise, the greater the
KL divergence, the less similar the two distributions are. Therefore, we can set a
threshold of KL divergence to control how similar they are. If the KL divergence is
below this threshold, the distributions P and Q are considered as similar (the trained
EST model is valid), otherwise they are considered as dissimilar (the trained EST
model is regarded as invalid).
The accuracy of the listeners’ dynamic emotion state prediction was evaluated
in terms of average error rate (AER) of emotion state prediction by using CRF.
The smaller AER depicted a better prediction performance, otherwise the prediction is worse. Furthermore, receiver operating characteristic (ROC) analysis was
also applied to visualize the results of CRF for emotion state prediction. A ROC
space is defined by true positive rate (TPR) and false positive rate (FPR), which
depicts benefits (true positive) and costs (false positive) in emotion state prediction.
Additionally, the area under the curve (AUC) of ROC was calculated to summarize
the ROC result. The larger AUC, the better prediction performance. Otherwise,
the smaller AUC values correspond to worse prediction performance.
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6.7.3

Experimental Results

We applied the MLE approach to estimate eight different emotion intensity decay
factors σ = {σ1 , σ2 , · · · , σ8 } by eight different subsets of training music dataset. As
emotion is a short-term experience, we assume the half-life time of emotion is 5 time
units (each time unit is 30 seconds), thus µ = 5 in the experiment. An example of
the paradigm for emotion intensity decay factor calculation is given as follows. As
for the learning process of decay factor for emotion state ES4 , the emotion intensity
at time t0 is normalized to initial 0.902, and at time t1 the emotion intensity is
0.7031, and then at time t2 the emotion intensity is 0.5054, and then at time t3 the
emotion intensity is 0.2033, and then at time t4 the emotion intensity is 0.055, and so
on until time step at t10 . Finally, we calculated decay factor σ4 of ES4 by MLE, and
the result of σ4 equals to 0.4112. The other seven decay factors can be calculated
by following a similar computation process. Figure 6.5 shows the emotion intensity
changes of eight different emotion states, and their emotion decay factors learned
by MLE. The vertical axis represents normalized emotion intensity ranging from 0
to 1, and the horizontal axis represents time unit (each time unit is 30 seconds). As
we can see, the emotion state ES4 has the smallest decay factor with σ4 = 0.4112,
indicating that the intensity of ES4 decays the most slowly. Instead, the emotion
state ES7 has the largest decay factor with σ7 = 0.9335, indicating that the intensity
of ES7 decays the most rapidly. From the observation, we confirmed that negative
emotion feelings decay smaller than positive emotion feelings.
We also evaluated the effectiveness of learned probability matrix for emotion state transition by analyzing the KL divergence between P and Q. We calculated the
results of KL divergence between P and Q on increasing the size of test data, illustrated in Figure 6.6 (a). These results tell us how well the smoothed emotion state
transition does at the learning process. We can see that at beginning with the size
of test data increase, the KL divergence between P and Q will be decreased, then
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Figure 6.5: Illustration of eight emotion intensity decay factors corresponding to
emotion states in RAV space. The vertical axis represents normalized emotion
intensity ranging from 0 to 1, and the horizontal axis represents time (each time
unit is 30 seconds).

it will become stable after the size of test data Q is up to 24. Furthermore, when
the value of size is 40, DKL (P ||Q) = 0.153. This means that the learned emotion
state transition model is able to effectively estimate the real transition probabilities,
which can be applied at CRF. After that we calculate each emotion state transition
probabilities, and Table 6.3 shows the results of learned emotion state transition
matrix. We can see that the diagonal element P (ESi,i ) is the largest in each row,
because when a listener is in a specific emotion state ESi , he or she most likely tends
to remain the same emotion state. The largest probability and the smallest probability in each row of emotion state transition matrix always reflect that corresponded
emotion states are contradictory in RAV model. For instance, emotion state ES1 is
contradictory to ES7 , meanwhile, P (ES1,1 ) is the largest with 0.523, and P (ES1,7 )
is the smallest with 0.002. Moreover, the emotion state transition matrix illustrates
that emotion state transition is non-symmetric. For instance, the probability of emotion state transition from ES1 to ES5 is denoted by P (ES1,5 ) = 0.196, while the
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Table 6.3: The learnt emotion state transition (EST) probability matrix
P (ESi,j )

ES1

ES2

ES3

ES4

ES5

ES6

ES7

ES8

ES1

0.523

0.075

0.005

0.129

0.196

0.027

0.002

0.043

ES2

0.092

0.563

0.046

0.027

0.071

0.154

0.038

0.009

ES3

0.021

0.118

0.486

0.065

0.017

0.083

0.163

0.037

ES4

0.082

0.016

0.051

0.611

0.062

0.007

0.025

0.146

ES5

0.124

0.028

0.014

0.058

0.647

0.037

0.019

0.073

ES6

0.036

0.159

0.042

0.014

0.057

0.581

0.094

0.027

ES7

0.013

0.056

0.163

0.021

0.018

0.082

0.615

0.032

ES8

0.056

0.005

0.038

0.210

0.091

0.017

0.047

0.537

Note: P (ESi,j ) is the probability of emotion state transition from emotion state ESi
to ESj , and the diagonal entry P (ESi,i ) represents the probability of emotion state
remaining the same. The EST probability matrix is non-symmetric, thus P (ESi,j )
and P (ESj,i ) are different. For example, the probability of emotion state transition
from ES1 to ES5 is calculated to P (ES1,5 ) = 0.196, while P (ES5,1 ) = 0.124.

opposite transition P (ES5,1 ) = 0.124. Further, we find that emotion state transition tends to make easier transition from positive emotion state to negative emotion
state than the opposite transition, because of P (ES1,5 ) > P (ES5,1 ).
To predict the listener’s emotion state, we constructed CRF model to obtain the
listener’s emotion state with the maximum possibility, and then evaluated the predicted emotion state with the listener’s real emotion state. Therefore, we regarded
this prediction problem as a binary (true or false) decision. The size of sequence in
CRF was of critical importance to overall performance. This issue was investigated
and the results are illustrated in Figure 6.6 (b). The vertical axis is the average
error rate of emotion state prediction, and the horizontal axis is the size of sequence
in CRF. From the observation, with the size of sequence increase, the average error
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Figure 6.6: (a) KL divergence for EST learning on training data set P and test data
set Q. With the size of test data increase, the KL divergence will be decreased. When
the value of size is 40, DKL (P ||Q) = 0.153. (b) Average error rate of emotion state
prediction on different sequence size of CRF. With the size of sequence increase, the
average error rate will be increased gradually, and when the size of sequence is up
to 10, the average error rate (0.132) will become stable.
rate will be increased, and when the size of sequence is up to 10, the average error
rate will become stable. That is because we assume the life cycle of each emotion
state is 10 time units (each units is 30 seconds). Furthermore, we can see that
the average error rate is less than 15%, thus the trained CRF model is effective in
emotion state prediction within a certain time period for emotion-aware system.
We carried out a ROC analysis on CRF on three different groups of music data.
The first data group, which we denote as data set 1, is a set which includes all music
clips that convey strong emotion intensity. The second data group, denoted as data
set 2, is a set which includes all music clips that convey moderate emotion intensity.
The third data group, denoted as data set 3, is a set which includes all music
clips that convey slight emotion intensity. In each data group, we formed different
test sequences of music clips. Furthermore, we still formed some test sequences of
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Figure 6.7: The ROC curve for emotion state prediction of dynamic emotion-aware
system over different datasets. AUC1 refers to the AUC of dataset 1, and AUC2
refers to the AUC of dataset 2, and AUC3 refers to the AUC of data set 3. The
larger AUC, the better emotion state prediction performance. The area under the
curve (AUC) of ROC summaries ROC results, while AUC1 > AUC2 > AUC3 .
music clips from different data group, denoted as data set 4. Figure 6.7 shows the
results of ROC analysis performed on different data set. The closer the AUC is
to 1, the better emotion state prediction performance. We can see that AU C1 >
AU C2 > AU C3 , thus emotion state prediction conducted in data set 1 has the
best performance, while emotion state prediction conducted in data set 3 has the
worst performance. This is because music with strong emotion intensity is easier to
influence the successive emotion than that of music with slight emotion intensity.
Table 6.4 shows the overall accuracy of CRF applied to emotion state prediction
over different data set. As seen in this table, the performance of CRF depends upon
its sequence composition. The AER of data set 1 is the smallest (0.1156), followed
by the AER of data set 2, and the AER of data set 3 is the largest (0.1821). It
was suggested that music conveying strong emotion intensity leads to more effect
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Table 6.4: The overall evaluation results (AER and AUC) of musical emotion
state prediction by CRF over different data set
Evaluation

Data Set 1

Data Set 2

Data Set 3

Data Set 4

AER

0.1156

0.1473

0.1821

0.1565

AUC

0.8354

0.8098

0.7921

0.8217

Note: The smaller AER depicts a better prediction performance. In addition, the
larger AUC, the better emotion state prediction by using CRF.

than music convey moderate or slight emotion intensity. The AER of data set 4 is
between the largest and the smallest AER. Furthermore, the AUC of data set 1 is the
largest (0.8354), which also proved that the sequence consist of music convey strong
emotion intensity results in best prediction performance. The AUC of data set 4 is
0.8217, which is between the largest AUC of data set 1 and the smallest AUC of
data set 3. This indicates that in usual case CRF model is effective for emotion state
prediction. In summary, the overall average emotion prediction accuracy is over 80%
in experiment, which is satisfactory in tracking the listener’s emotion state.

6.8

Experiment 2: Dynamic Affective Recommendation of Music

The first experiment demonstrates that detecting the listener’s dynamic emotion
state is significant and consistent. The aim of emotion-based music recommendation is to recommend a ranked music list relying on the listener’ emotion state.
Consequently, the Experiments 2 evaluates our recommendation algorithm.
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6.8.1

Evaluation Criteria

We used top-N recommendation strategy to evaluate the quality and performance of
our emotion-based music recommendation algorithm. Therefore, mean average precision (MAP) was adopted to measure the performance of emotion-based music ranking for recommendation. As described in Chapter 3, the MAP is based on the precision at position k, denoted by P @k and average precision (AP). Suppose there are rk
music clips emotional relevance in the top n recommended music list, thus we obtain
P
P @k = rnk , and the AP is given by the formula: AP (q) = r1q nk=1 {P @k × rel(k)},
where rel(k) is an indicator function equaling 1 if music at rank k is emotional releP
vant, otherwise zero. MAP is calculated by Q
q=1 AP (q)/Q, where Q is the number
of recommendation attempts of the case.

6.8.2

Results

We evaluated the performance of emotion-based music recommendation algorithm
using the dataset given in Experiment 1, and then randomly split the dataset into
80 training and 160 test music clips. Through multiple test of recommendation
algorithm for different instances, we obtained the following experimental results.

Effect of Regulation Parameter
The choosing of the regulation parameter has influence on performance of recommendation. To study the effect of regulation parameter η in music emotion ranking, we randomly selected some music clips and calculated emotion similarity with
candidate music clips, and then investigated the variation in estimation. Through
multiple test of regulation parameter in specific range, we found that η = 0.01 was
reasonable corresponding to RAV music emotion space.
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Effect of Influence Weight Vector
Each music track in the listening list has different influence weight in similarity
computation of our proposed recommendation algorithm, because emotion evoked
by music is dynamic change over time. Therefore, we investigated the effect of
influence weight, and evaluated music recommendation algorithm performance depending on two ways to calculate emotion similarity: with influence weight vector
(denoted by ∃Λ) and without influence weight vector (denoted by 6 ∃Λ). The right
part of Table 6.5 gives the comparison results between them. Emotion similarity
calculation with influence weight vector for music recommendation has higher precision than that without influence weight vector. Meanwhile, the MAP of similarity
computation with influence weight vector is larger than that of without influence
weight vector, with MAP increasing by 5.26%.

Model Size Sensitivity
Recall from previous Section 6.5, the emotion-based music recommendation attempts to find an optimal ranked music list (size = N) that has the highest emotional
similarity to subsequence Su,si . To evaluate the sensitivity of our recommendation
algorithm on the value of N, we conducted experiment using a value of η = 0.01
to compare the recommendation accuracies when N = 5, and 10. The comparison
result is given in the left part of Table 6.5. As we can see from this table, the overall
recommendation accuracy tends to decrease when we increase the value of N. From
the observations, it shows that the smaller position k is, the higher average precision
is achieved, which resulted from ranking music list. We find that as the size of ranked
list increases, the accuracy will decrease. The MAP for recommendation with size
N = 5 (MAP = 0.7612) is higher than that with size N = 10 (MAP = 0.7325).
This is because the accumulated emotion dissimilarity for recommendation list will
increase, with the number of size growing. In summary, we can control the size of
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Table 6.5: Average accuracy of emotion-based music ranking: (1) by
precision at position k; (2) with influence weight vector (denoted by
∃Λ) and without influence weight vector (denoted by 6 ∃Λ)
Precision

N=5

N = 10

∃Λ

6 ∃Λ

P @1

0.8750

0.8500

0.8625

0.7835

P @2

0.8125

0.7875

0.8000

0.7345

P @3

0.7500

0.7250

0.7375

0.6833

P @4

0.7186

0.6875

0.7031

0.6650

P @5

0.6500

0.6125

0.6313

0.6053

MAP

0.7612

0.7325

0.7469

0.6943

Note: the experiment was carried out under regulation parameter η =
0.01. The notation N stands for the size of recommendation list. With the
increase of size N, the accumulated emotion dissimilarity of the whole list
will increase, thus AP will decrease.

recommendation list in a reasonable range to obtain the satisfied result.

Improving recommendation quality
We applied the reinforcement learning toolbox [155] and ApproxRL [25] to simulate
interactive reinforcement learning process in emotion-based music recommendation.
Considering interactivity and adaptivity, the proportionality constants ξ1 , ξ2 both
have great influence on the recommendation result. Therefore, we chose different
values for these two constants in the experiment. In addition, we also tried different
values for the discount factor ϕ, but there were no great differences. Thus, we
applied a standard value for discount factor ϕ = 0.8 in reinforcement learning. To
examine the validity of recommendation from the listeners’ feedback, we analyzed
the listener’s explicit feedback with given parameters ξ1 = 1.25 and ξ2 = 0.75,
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Figure 6.8: The statistical proportion of listeners’ explicit feedback and implicit
feedback respectively. The sum of proportion to dislike and strongly dislike is less
than 20%. t stands for the percentage of a piece of recommended music listened to.
t is divided into three levels, t < 30%, 30 ≤ t < 70%, t ≥ 70%.

and implicit feedback, respectively. Figure 6.8 shows the statistics of the listeners’
explicit and implicit feedbacks when the system recommends music to them. From
the explicit feedback, the sum of proportion to neutral, like, and strongly like is
over 80%. The proportion of like is over 40%, and the proportion of strongly like
is also over 20%. Conversely, the proportion of strongly dislike is the smallest,
which is less than 10%. From the implicit feedback, we obtained the distribution
of listening interruptions in response to recommended music. The proportion of
listening interruption is over 80% when a piece of music is listened to less than 70% of
total length in implicit feedback. To evaluate the relationship between performance
and trails in reinforcement learning, we also collected the experiment results as
shown in Figure 6.9. As the trails increase, the performance will also increase.
After 400 trails learning, the performance increases slowly and gradually maintains
stability. This is because, the system is able to preliminarily learn the listener’s
behavior preferences and make valuable decisions to provide recommendation based
on his or her real-time emotion. When the variation of proportionality constants
ξ1 , ξ2 equals 0.4, the system reaches the maximum performance. We assume the
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Figure 6.9: The relationship between recommendation performance and trails in
reinforcement learning. After 400 trails learning, the performance increases slowly
and gradually maintains stability. When the variation of proportionality constants
ξ1 , ξ2 equal to 0.4, the system reaches the maximum performance.
Table 6.6: Evaluation results in two modes: recommendation without interaction,
recommendation by interactive reinforcement learning
Results

Without interaction Interactive RL Improvement

Average percentage of

66.28%

78.45%

+12.17%

74.67%

83.13%

+8.46%

listening recommended
music pieces
Average satisfaction on
recommendation

threshold is 0.4 for both ξ1 and ξ2 . If the variation is larger than this threshold,
the performance will decrease. This is because there may exist drastic change in
listener’s emotion state prediction.
Furthermore, we compared the listeners’ usage and satisfaction in two modes:
recommendation without interaction, recommendation by interactive reinforcement
learning. Table 6.6 shows the comparison result. Through applying interactive
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reinforcement learning, the average percentage of listening recommended music has
improved by 12.17%, and the average listeners’ satisfaction has improved by 9.05%.
That is because the listener’s emotion prediction relying on his or her listening
historical playlist plays a significant role in recommending music. Therefore, the
proposed recommendation system is able to provide interactive intelligent music
recommendation based on the listener’s real-time emotion.

6.9

Summary

This chapter presented an intelligent dynamic emotion-based music recommendation
system that can recommend music to the user based on his or her dynamic emotion
state. Through the first step, an effective hybrid musical emotion model - RAV
has been constructed first, and then the mapping between musical/acoustic features
and their emotional impacts corresponding to this musical emotion model has been
presented, finally robust regression methods are applied to recognize emotion from
music. Results from music emotion recognition have shown that our utilized emotion
representation performs better than existing representation method. Next, through
the second step, the user’s dynamic emotion state is predicted based on his or her
personal historical music listening list in a session. To this end, emotion intensity
decay model and emotion state transition model have been learnt by user study.
After that, the conditional random fields method is used to predict the user’s dynamic emotion state. The behavior of the prediction process is that probabilities of
different emotion state are calculated first, and then choose the emotion state with
the highest probability as the user’s predicted dynamic emotion state. Results from
emotion state prediction of the user have shown that CRF can effectively predict the
user’s emotion dynamic emotion state through his or her historical music listening
list. Finally, through the last step, an optimal ranked music list has been recom169

mended to the user by using minimization iteration method. Regulation parameter,
influence weight, and the size of recommendation list all have effect on recommendation performance. Experimental results have shown that our proposed intelligent
dynamic emotion-base music recommendation system is highly useful and competent, which exhibits a good level of accuracy. This line of research offers an attempt
at emotion-based computing. It will constitute a valuable tool in the building of
future high performance intelligent affective music recommender systems.
Nevertheless, our proposed recommendation method still has some limitations.
As emotion is too complex and easy to change (many factors affect a user’s emotion), detecting or predicting the user’s emotion based on his or her historical music
listening list in a short-term session is challenging. Therefore, our method is applied in ideal model that the user’s emotion elicitation is affected by the music he
or she listened to. In the future, we may consider more complex emotion elicitation
mechanism to expand our application in more complex circumstances. Data acquisition from human’s biosignals or physiological changes such as electromyogram
(EMG), electrocardiogram (ECG) in music listening will enhance the accuracy of
music emotion recognition and the user’s dynamic emotion state prediction.
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Algorithm 4: Emotion-based Music Recommendation Algorithm
Input: Subsequence Mu (ESi ) with size k obtained from music listening sequence
ES u , the optimal projection matrix H obtained by Graph Embedding
rav = X T H, and two regularization parameter η1 and η2 .
Output: A ranked music list ΘM with the highest emotional similarities to
subsequence Mu (ESi ) based on the predicted emotion state ESi .
1:

Compute a k × N music emotion similarity matrix:

2:

for j = 1 → k do

3:
4:
5:

for i = 1 → N do
T
F(mi , mj ) ← XT
i HH Xj

end for

6:

end for

7:

Compute influence weight factor λmi with i = 1, · · · , N , by Equation (6.5.9)

8:

Random initialization of a candidate music recommendation list with size N:
ΘM ← RandomCandidateSet(N)

9:

Sort the list ΘM by music emotion similarity ΘM ← Sort(ΘM )

10:

Cumulate music emotion similarity with regularization terms:
)
( N
X
η
η1
2
Φ(Θ) =
ΛF + kΘk22 + kHk22
2
2
j=1

11:

Update candidate music recommendation list ΘM :

12:

for i = 1 → N do

13:

if Φ(ΘMi ) < Φ(ΘM ) then

14:

Replace music object θMi ← θi

15:

Resort candidate list ΘM ← Sort(ΘMi )

16:

end if

17:

end for

18:

Return: An optimal ranking music list ΘM
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Algorithm 5: Reinforcement learning for Music Recommendation
Input: A user’s historical listening list M in a given session;
Learning rate αt and discount factor ϕ
Output: The optimal policy of recommendation π : S 7→ A
1:

Initialize Q(s, a) = 0

2:

Repeat

3:

st ← current state

4:

epredict ← arg max P (ei |M )

5:

choose an action at in this state st based on epredict

6:

perform action at , generate a ranked recommendation list ΘM

7:

obtain the reward Rwd and the next state st+1

8:

Q(st , at ) ← Q(st , at ) + αt (st , at )[Rwd(st+1 )
+ϕ · maxat+1 Q(st+1 , at+1 ) − Q(st , at )]

9:
10:

update st ← st+1
Until forever
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Chapter 7
Summary and Conclusion
In this thesis, we have proposed a comprehensive study on music emotion recognition, emotion-based music retrieval and recommendation. One of the most important goals of this thesis is to bridge the gap between music and emotion. Therefore,
we present our method to musical emotion representation, named resonance-arousalvalence emotion model, which combines the advantages of discrete emotion theory
and dimensional emotion theory. Furthermore, a joint emotion space model that
utilizes musical audio features and emotional tag features can well achieve the task
of emotion annotation for music. We propose a unified framework for music retrieval
by using three forms of query. With assistance from the state-of-the-art techniques
to model and predict musical emotions, we utilize time series techniques (e.g., dynamic texture model, multiple dynamic textures) to model the temporal evolution
of musical emotion. As for music recommendation, we give a novel attempt to
construct an intelligent affective recommendation of music.
This chapter first presents the overall summary of each chapter with respect to
theories and methods on music emotion recognition, emotion-based music retrieval
and recommendation. Then, we summarize the contributions presented in this work
and give the directions of the future work. Finally, we give the overall conclusions.
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7.1

Overall Summary

Emotion-based music retrieval and recommendation is an important but highly challenging research problem. Many researchers form psychology, musicology, and computer science have already devoted a great deal of effort to this field. In Chapter 1,
we mentioned that as the fast development of digital music industry and Internet,
big music data and users’ data are becoming the most important forces in music
information retrieval. Nevertheless, music is an art form and the soul of language
which makes people produced emotional effects or evokes their emotions. Recent
researches on psychology, cognition and neuroscience have reported that emotion
plays a significant role in designing emotion-based music applications. However,
most of current retrieval and recommendation systems ignore this key emotional
factor or simply use emotional labels to analyze music. Consequently, it is necessary
to analyze music and model musical emotion in a flexible and efficient way, and then
retrieve and recommendation music at the emotion level.
The aim of the literature review, in Chapter 2, is to explore the key theoretical
and technical contributions in the past decade related to emotion models, music
emotion recognition, emotion-based music retrieval and recommendation. Current
emotion models are classified by two widely established emotion theories: discrete
emotion theory and dimensional emotion theory. Features extracted from musical
audio signals consist of three hierarchical levels: low-level physical features, middlelevel perceptual features and high-level semantic features. The task of music emotion
recognition often can be regarded as a regression or multi-classification problem.
Thus, many machine learning techniques (e.g., support vector machine, Gaussian
mixture model, hidden Markov model, etc.) can be applied to solve this problem.
As for the methods that used in music retrieval, we review a number of models or
methods related to semantic music retrieval, especially at the emotional aspect. In
174

addition, content-based filtering, collaborative filtering, emotion-based, and hybrid
methods are also investigated for music recommendation.
The first most important work on this thesis is how to represent emotion expressed or evoked by music. Although some famous emotion models such OCC
model, arousal-valence model have been widely applied in music emotion recognition,
they fail to provide flexibility and enhance performance. In Chapter 3, we present
our method to construct a hybrid representation of musical emotion - resonancearousal-valence (RAV), combining advantages of both discrete emotion models and
dimensional emotion models. Two forms of emotion expression (static representation and dynamic representation) are introduced to adapt to different application
scenarios. Emotion-relevant features with respect to each dimension of this RAV
emotion space are investigated and selected. Regression models (e.g., support vector
regression, sparse Bayesian regression, and variational Bayesian regression) are used
in music emotion recognition. Self-assessment evaluation method (user’s self-report)
and other commonly applied evaluation methods (e.g., R-squared, precision and recall rate, etc.) were applied in the experiment of music emotion recognition. We
demonstrate three-dimensional RAV musical emotion model had better performance
than two-dimensional arousal-valence emotion model.
Since music emotion recognition is achieved by regression of content-based emotionrelevant acoustic features into three-dimensional RAV musical emotion space, however, in reality, the users are more comfortable and easier to describe emotions
invoked by music using emotional tags such as happy, sad, and calm. In Chapter 4,
we propose to jointly utilize both emotion-relevant acoustic features and emotional tag features to construct a joint emotion space model. Consequently, a unified
framework for music emotion annotation and retrieval is naturally constructed. We
present three query ways (query-by-music-object, query-by-emotion-tag, and hybrid) for music retrieval in the learnt joint emotion space. Two multi-objective
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optimization methods (weighted sum method and non-dominated sorting genetic
algorithm) for finding the optimal retrieval results are employed. The experiments
show that our joint emotion space model outperforms than using only single part of
the proposed model. The results of emotion annotation for music are satisfied, and
the performance for emotion-based music retrieval is remarkably good as well.
In Chapter 5, we model time-varying musical emotions by using dynamic texture model. Kalman filtering and smoothing techniques (e.g., Rauch-Tung-Striebel,
minimum-variance smoothing) are used to predict time-varying musical emotions
in DTM. EM algorithm is applied to learn the optimal model parameters of DTM.
Considering that one single DTM may be not sufficient and appropriate for modeling emotion dynamics of the entire music excerpt, multiple dynamic textures model
are designed to resolve this issue. Consequently, through model selection, given an
excerpt of music, a time series emotion dynamics of this excerpt can be predicted by
MDT. Music segmentation based on MDT can be easily carried out at the emotion
level. Furthermore, a forward and backward strategy is applied to smooth segmentation results. Since we obtain a time series of emotion dynamics of music, we can
perform emotion-based music retrieval by using dynamic time warping in the form
of query-by-subsequence. We demonstrate our method for modeling time-varying
musical emotions is efficient, and the results for music retrieval are effective.
As most of the current music recommendation systems fail to provide recommendation based on the user’s emotion. In Chapter 6, we propose to design an
intelligent affective recommendation system of music. The emotion-aware system is
designed to predict the user’s dynamic emotion state through affective computing
techniques on emotions induced in music listening. Musical emotion intensity, emotion intensity decay model, and emotion state transition model are explained, and
applied with conditional random fields to complete the task of emotion-aware system. Music recommendation is conducted by matching the predicted user’s emotion
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state and emotions expressed by candidate music pieces, and then a top-N list of
music is recommended to the user corresponding to his or her dynamic emotion predicted. The self-report and psychological measurements are used in model learning
phase. The experiments show our method on emotion-aware system is effective, and
the recommendation results based on the predicted emotion of the user are good.

7.2

Contributions

Emotion is complex psychological and physiological human subjective experience,
which is influenced by many factors such as time, location, mood, and even the
user’s character and life experience. The relationship between music and emotion is
also complex and difficult to study. Thus, the problems we deal with are relatively
open-ended, and lack of standards. The overall focus of the work should be seen
as representing musical emotion by static and dynamic form through content-based
and tag-based techniques, and performing music retrieval and recommendation at
the emotion level. In the following, we reaffirm the novelties associated with main
contributions of this work.
• Combine discrete emotion theory and dimensional emotion theory to construct
a hybrid representation of musical emotion model. The results from music
emotion recognition show that our proposed emotion representation performs
better than existing representation method.
• Emotion-relevant musical audio features with respect to each dimension of the
RAV musical emotion model are well investigated and selected.
• Build a joint emotion space model by using musical audio features and emotional tag features, and then provide a unified framework for music emotion
annotation and retrieval. The results for emotion annotation show that our
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built joint emotion space model is effective, and the unified framework works
well in emotion-based music retrieval.
• Collect multiple datasets of classical music which are able to induce emotions
expected in the experiment, and then self-report and psychological measurement are applied in obtain the ground truth data of musical emotions.
• Model and predict time-varying musical emotions, and provide a mechanism
to segment music at the emotion level, and retrieve music based on the time
series of emotion dynamics in the form of query-by-subsequence.
• Construct musical emotion intensity, emotion intensity decay, and emotion
state transition model, and attempt to predict dynamic emotion state of the
user by using conditional random fields.
• Provide an intelligent affective recommendation system of music. The experiments show that our proposed recommendation algorithm is effective and has
achieved the goal of this work.

7.3

Future Work

Music and emotion is still a hot research area because they involve music perception, psychology, and digital signal processing, musicology and computer science.
Although there are many works already applied discrete emotion models (e.g., Hevner’s adjective circle, OCC model, etc.) or dimensional emotion model (e.g., arousalvalence model, please-arousal-dominance model), there are still some limitations in
various application scenarios. For example, the discrete emotion models are more
understandable and easier rating than dimensional models, while the dimensional emotion models are more flexible, effective and easier applied in computational
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frameworks than discrete emotion models. It is still necessary to explore the appropriate dimensions that can be used in the dimensional emotion models, not only
two or three dimensions. As emotion is complex time-varying psychological response,
both of the two types of emotion models are lack of objective evaluations and difficult to measure the real emotions. Therefore, in the future, we will collect the
ground truth emotions induced by music from multiple human’s biosignals or physiological changes (e.g., heart rate, blood pressure, skin conductance, electromyogram
(EMG), electrocardiogram (ECG) and respiration). This will enhance the accuracy
of emotion recognition in music listening, and will be easier to implement various
real-time emotion-based music applications (e.g., music playlist generation).
Currently a considerable amount of research has been carried out to music emotion recognition. Regression is the common solution to this problem, and the
performance of this method still needs to improve. In seeking to improve emotion
recognition methods, future approaches should consider the deep learning techniques
(e.g., deep neural networks, deep belief network, etc.). Deep neural networks (DNN)
with multiple hidden layers that are trained using new approaches show good recognition performance in acoustic modeling, which gives a direction to utilize DNN
to construct multiple hidden layers to model music and emotion. This simulation
process is more suitable for emotion cognition process.
A few research works has focused on analyzing music on content (e.g. pitch,
rhythm, timbre, melody, harmony, etc.) and performed content-based music retrieval. However, the challenge with big music data and users data in music listening is that more sophisticated algorithms for combining music content analysis and
users’ data analysis are required to study in the context of large scale problems.
Solving these problems can bridge the semantic gap of music to enable efficient and
effective large-scale music information extraction, retrieval, and recommendation.
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7.4

Conclusions

This work investigated various emotion models, and analyzed their advantages and
disadvantages in the context of music. We have shown that by combing the discrete
emotion theory and dimensional emotion theory, it is possible to construct a hybrid
representation of musical emotion model. Through feature extraction and selection,
we have found the most emotion relevant features through content-based signal processing techniques. Music emotion recognition has been converted to regression
problem that establishes projection from high-dimensional musical audio feature space to our three-dimensional RAV musical emotion space. Apart from using musical
audio signals, we also have utilized emotion tag features to construct a joint emotion
space model that is backward compatible with RAV musical emotion model, and
naturally formulated automatic emotion annotation for music. A unified framework
consisting of three query forms (query-by-music, query-by-tag, hybrid) have been
created, and the optimal retrieval results of music at the emotion level will be given.
Since music signals have temporal structure by nature, we have applied time series
techniques (dynamic texture model, dynamic time warping) to model and predict
time-varying musical emotions, and then performed music retrieval based on the
time series emotion dynamics in the form of query-by-subsequence. Self-assessment
evaluation of emotion-based music retrieval is used, and the experimental results
indicate that our method is able to deliver highly competent performance.
Most importantly, we have implemented an emotion-aware system that is designed to predict the user’s dynamic emotion state through affective computing
techniques on emotions induced in music listening. Overall, conditional random
fields provided a valuable tool in designing emotion-aware system. We have shown
that affective recommendation of music is conducted by matching the predict emotion state of the user with emotions expressed by candidate music pieces, and then
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a top-N list of music is recommended to the user corresponding to his or her dynamic emotion state. Both self-report and physiological measurements (e.g., heart
rate) have been applied in the experiment. Experimental results indicate that this
approach is able to predict the user’s dynamic emotion state in music listening, and
deliver highly emotion relevant recommendation of music. Overall, our methods on
emotion-based music retrieval and recommendation are novelty and effective, and
have achieved the goal of this research work.
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APPENDIX A - Selected Musical Examples of Dataset
Table 7.1 and Table 7.2 give part of selected musical examples of classical music
dataset applied in the experiments.

APPENDIX B - User Interface of Self-reported
Musical Emotion Data Collection
Figure 7.1 shows the user interface of self-reported musical emotion data collection.
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Table 7.1: Part of selected pieces of musical examples (Bach) from classical
music dataset used in the experiments
ID

Music Title

B001

Johann Sebastian Bach - Allegro

B002

Johann Sebastian Bach - Allemande

B003

Johann Sebastian Bach - Brandenburg Concerto No.1 in F major, BWV 1046 II.
Adagio

B004

Johann Sebastian Bach - Brandenburg Concerto No.2

B005

Johann Sebastian Bach - Brandenburg Concerto No.3 in G major, BWV 1048 I.
Allegro

B006

Johann Sebastian Bach - Brandenburg Concerto No.1 In F, Bwv1046 3Rd Mvt

B007

Johann Sebastian Bach - Brandenburg Concerto No.3 In G, Bwv1048 1St Mvt

B008

Johann Sebastian Bach - Brandenburg Concerto No.3 In G, Bwv1048 2Nd Mvt

B009

Johann Sebastian Bach - Brandenburg Concerto No.4 In G, Bwv1049 1St Mvt

B010

Johann Sebastian Bach - Concerto for 2 Violins, Bwv1043 1St Mvt

B011

Johann Sebastian Bach - Fantasia in C minor, BWV 906

B012

Johann Sebastian Bach - Keyboard Concerto in D Minor BWV 974 II Adagio

B013

Johann Sebastian Bach - Brandenburg Concerto No. 3 in G Major, BWV 1048 I.
Allegro

B014

Johann Sebastian Bach - Trio in G minor, BWV 929

B015

Johann Sebastian Bach - Jesu, Joy Of Man’s Desiring

B016

Johann Sebastian Bach - Minuet in D minor, BWV Anh. 132

B017

Johann Sebastian Bach - Overture No.2 In B Minor Menuet

B018

Johann Sebastian Bach - Partita No. 3 in A minor, BWV 827 Sarabande

B019

Johann Sebastian Bach - Violin Partita No. 3 in E major, BWV 1006 II. Loure

B020

Johann Sebastian Bach - Praeambulum in G Minor, BWV 930

B021

Johann Sebastian Bach C Prelude in A minor, BWV 942

B022

Johann Sebastian Bach C Prelude in C major, BWV 939

B023

Johann Sebastian Bach C Prelude in C minor, BWV 999

B024

Johann Sebastian Bach C Prelude in D major, BWV 925

B025

Johann Sebastian Bach C Prelude in D minor, BWV 926
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Table 7.2: Part of selected pieces of musical examples (Mozart) from classical
music dataset used in the experiments
ID

Music Title

M001

Wolfgang Amadeus Mozart C Adagio

M002

Wolfgang Amadeus Mozart C Allegro Maestoso

M003

Wolfgang Amadeus Mozart C Allegro

M004

Wolfgang Amadeus Mozart C Andante

M005

Wolfgang Amadeus Mozart C Clarinet Concerto in A major, K. 622 II. Adagio

M006

Wolfgang Amadeus Mozart C Concerto for Flute and Harp in C major, K. 299 II.
Andantino

M007

Wolfgang Amadeus Mozart C Concerto for Two Pianos & Orchestra in E flat, K.
365-Allegro

M008

Wolfgang Amadeus Mozart C Eine kleine Nachtmusik

M009

Wolfgang Amadeus Mozart C Elvira Madigan

M010

Wolfgang Amadeus Mozart C Fantasia in D Minor

M011

Wolfgang Amadeus Mozart C I. Allegro moderato

M012

Wolfgang Amadeus Mozart C I. Allegro

M013

Wolfgang Amadeus Mozart C I. Molto allegro

M014

Wolfgang Amadeus Mozart C II. Adagio

M015

Wolfgang Amadeus Mozart C Overture

M016

Wolfgang Amadeus Mozart C Piano Concerto In A - Second Movement

M017

Wolfgang Amadeus Mozart C Piano Concerto No. 21 in C major, K. 467, Elvira
Madigan II. Andante

M018

Wolfgang Amadeus Mozart C Piano Concerto No. 21 in C, K. 467-Andante

M019

Wolfgang Amadeus Mozart C Piano Concerto No. 26 in D, K. 537, CoronationLarghetto

M020

Wolfgang Amadeus Mozart C Piano Sonata 13 - movement 3

M021

Wolfgang Amadeus Mozart C Piano Sonata No. 11 in A major, K. 331 III. Rondo
alla turca Allegretto

M022

Wolfgang Amadeus Mozart C Presto

M023

Wolfgang Amadeus Mozart C Rondo alla Turca

M024

Wolfgang Amadeus Mozart C Serenade No 13 K. 525 - Allegro
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Figure 7.1: The user interface of self-reported musical emotion data collection.
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[216] B. Tomoiagă, M. Chindriş, A. Sumper, A. Sudria-Andreu, and R. VillafafilaRobles. Pareto optimal reconfiguration of power distribution systems using a
genetic algorithm based on nsga-ii. Energies, 6(3):1439–1455, 2013.
210

[217] K. Trohidis, G. Tsoumakas, G. Kalliris, and I. P. Vlahavas. Multi-label classification of music into emotions. In ISMIR, volume 8, pages 325–330, 2008.
[218] Y.-H. Tseng. Content-based retrieval for music collections. In Proceedings
of the 22nd annual international ACM SIGIR conference on Research and
development in information retrieval, pages 176–182. ACM, 1999.
[219] K. H. Tso-Sutter, L. B. Marinho, and L. Schmidt-Thieme. Tag-aware recommender systems by fusion of collaborative filtering algorithms. In Proceedings
of the 2008 ACM symposium on Applied computing, pages 1995–1999. ACM,
2008.
[220] D. Turnbull, L. Barrington, and G. Lanckriet. Modelling music and words
using a multi-class naıve bayes approach. In Proc. of ISMIR. Citeseer, 2006.
[221] D. Turnbull, L. Barrington, and G. R. Lanckriet. Five approaches to collecting
tags for music. In ISMIR, volume 8, pages 225–230, 2008.
[222] D. Turnbull, L. Barrington, D. Torres, and G. Lanckriet. Semantic annotation and retrieval of music and sound effects. Audio, Speech, and Language
Processing, IEEE Transactions on, 16(2):467–476, 2008.
[223] D. R. Turnbull, L. Barrington, G. Lanckriet, and M. Yazdani. Combining audio content and social context for semantic music discovery. In Proceedings of
the 32nd international ACM SIGIR conference on Research and development
in information retrieval, pages 387–394. ACM, 2009.
[224] R. Typke. Music retrieval based on melodic similarity. 2007.
[225] R. Typke, F. Wiering, and R. C. Veltkamp. A survey of music information
retrieval systems. In ISMIR, pages 153–160, 2005.
211

[226] G. Tzanetakis and P. Cook. Marsyas: A framework for audio analysis. Organised sound, 4(3):169–175, 2000.
[227] Y. Vaizman, R. Y. Granot, and G. R. Lanckriet. Modeling dynamic patterns
for emotional content in music. In ISMIR, pages 747–752, 2011.
[228] A. van den Oord, S. Dieleman, and B. Schrauwen. Deep content-based music recommendation. In Advances in Neural Information Processing Systems,
pages 2643–2651, 2013.
[229] J. Wang, H. Deng, Q. Yan, and J. Wang. A collaborative model of lowlevel and high-level descriptors for semantics-based music information retrieval. In Web Intelligence and Intelligent Agent Technology, 2008. WIIAT’08. IEEE/WIC/ACM International Conference on, volume 1, pages 532–
535. IEEE, 2008.
[230] J.-C. Wang, M.-S. Wu, H.-M. Wang, and S.-K. Jeng. Query by multi-tags
with multi-level preferences for content-based music retrieval. In Multimedia
and Expo (ICME), 2011 IEEE International Conference on, pages 1–6. IEEE,
2011.
[231] D. Watson and L. A. Clark. Measurement and mismeasurement of mood:
Recurrent and emergent issues. Journal of personality assessment, 68(2):267–
296, 1997.
[232] D. Watson and A. Tellegen. Toward a consensual structure of mood. Psychological bulletin, 98(2):219, 1985.
[233] G. D. Webster and C. G. Weir. Emotional responses to music: Interactive
effects of mode, texture, and tempo. Motivation and Emotion, 29(1):19–39,
2005.
212

[234] G. Welch and G. Bishop. An introduction to the kalman filter, 1995.

[235] J. Weston, S. Bengio, and P. Hamel.

Large-scale music annotation and

retrieval: Learning to rank in joint semantic spaces. arXiv preprint arXiv:1105.5196, 2011.

[236] G. A. Wiggins.

Models of musical similarity.

Musicae Scientiae, 11(1

suppl):315–338, 2007.

[237] G. Wijnalda, S. Pauws, F. Vignoli, and H. Stuckenschmidt. A personalized
music system for motivation in sport performance. Pervasive Computing,
IEEE, 4(3):26–32, 2005.

[238] E. Wold, T. Blum, D. Keislar, and J. Wheaten. Content-based classification,
search, and retrieval of audio. MultiMedia, IEEE, 3(3):27–36, 1996.

[239] J.-Y. Won, J.-H. Lee, K. Ku, J. Park, and Y.-S. Kim. A content-based music
retrieval system using representative melody index from music databases. In
Computer Music Modeling and Retrieval, pages 280–294. Springer, 2005.

[240] L. Xiao, L. Lu, F. Seide, and J. Zhou. Learning a music similarity measure
on automatic annotations with application to playlist generation. In Acoustics, Speech and Signal Processing, 2009. ICASSP 2009. IEEE International
Conference on, pages 1885–1888. IEEE, 2009.

[241] T. Yamada, H. Hashimoto, and N. Tosa. Pattern recognition of emotion
with neural network. In Industrial Electronics, Control, and Instrumentation,
1995., Proceedings of the 1995 IEEE IECON 21st International Conference
on, volume 1, pages 183–187. IEEE, 1995.
213

[242] S. Yan, D. Xu, B. Zhang, H. Zhang, Q. Yang, and S. Lin. Graph embedding
and extensions: A general framework for dimensionality reduction. Pattern
Analysis and Machine Intelligence, IEEE Transactions on, 29(1):40–51, 2007.
[243] Y. Yang and H. Chen. Ranking-based emotion recognition for music organization and retrieval. IEEE Transactions On Audio Speech And Language
Processing, 19(99):762–774, 2010.
[244] Y. Yang and H. Chen. Ranking-based emotion recognition for music organization and retrieval. Audio, Speech, and Language Processing, IEEE Transactions on, 19(4):762–774, 2011.
[245] Y.-H. Yang, Y.-C. Lin, Y.-F. Su, and H. H. Chen. A regression approach to
music emotion recognition. Audio, Speech, and Language Processing, IEEE
Transactions on, 16(2):448–457, 2008.
[246] M. Yik, J. Russell, and L. Barrett. Structure of self-reported current affect: Integration and beyond. Journal of personality and social psychology, 77(3):600,
1999.
[247] K. Yoshii, M. Goto, K. Komatani, T. Ogata, and H. G. Okuno. Hybrid collaborative and content-based music recommendation using probabilistic model
with latent user preferences. In ISMIR, volume 6, page 7th, 2006.
[248] Y. Yu, R. Zimmermann, Y. Wang, and V. Oria. Scalable content-based music
retrieval using chord progression histogram and tree-structure lsh. 2013.
[249] B. Zhang, J. Shen, Q. Xiang, and Y. Wang. Compositemap: a novel framework
for music similarity measure. In Proceedings of the 32nd international ACM
SIGIR conference on Research and development in information retrieval, pages
403–410. ACM, 2009.

214

Curriculum Vitae
Academic qualifications of the thesis author, Mr. DENG Jie

Education
• Received the degree of Master of Science from Hong Kong Baptist University,
November, 2009
• Received the degree of Bachelor of Engineering from Chongqing University, China,
July, 2008

Date: August 2014

215

