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Abstract 

Music is a universal feature in all human societies. People compose music for 

deliver their mind. In turn, music evokes people’s emotion. This thesis investigates 

new artificial intelligence techniques for music composition and emotion analysis.  

Algorithmic composition enables the computer to compose music just like human 

musician. We utilize deep learning, a powerful artificial intelligence technology, in 

algorithmic composition. To achieve both good musicality and novelty of machine-

composed music, we propose a musicality-novelty generative adversarial neural nets 

(MNGANs) model. Two games named musicality game and novelty game are 

designed and optimized alternatively. Specifically, the musicality game makes the 

output music samples follow the distribution of human-composed music examples, 

while the novelty game makes the output samples to be far from the nearest human 

example. A series of experiments validate the effectiveness of the proposed 

algorithmic composition technique.  

To provide more convincing evaluation of the machine-composed music, we 

propose to analyze the brainwave of audience by using electroencephalography (EEG).  

A new psychological paradigm employing auditory stimuli with different extent of 

musicality are designed. Based on this paradigm, we propose a novel computational 

model to evaluate the musicality for machine-composed music. Several empirical 

experiments are performed, and the results validate the effectiveness of the proposed 

method. Some interesting neuroscience observations are also reported.  

For the music emotion analysis, we deliver two pieces of works. The first work 

is a novel multi-label emotion classification model named quantum convolutional 
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neural network (QCNN), which classify the music according to the audio signal. 

Inspired by the concepts of superposition state and collapse in quantum mechanism, 

we model the emotion measurement process by a new designed convolutional neural 

network. Empirical experiments validate that our method has achieved good 

classification result by learning from the labels provided by humans. 

The second work of music emotion analysis is based on the EEG of the audience. 

Considering that the EEG-based music emotion classification can be influenced by the 

inter-trial effect, we design a novel single-trial music listening paradigm. The new 

paradigm avoids the inter-trial effect on EEG data. To address the severe inter-subject 

difference in the single-trial setting, we propose a novel computation model named 

resting-state alignment, which aims to eliminate the difference between subjects and 

at the same time, find the features contributing to emotion recognition. Empirical 

experiments demonstrate the performance of the proposed technique and the 

observations are consistent with the previous studies from neuroscience. 

Future works will be explored in algorithmic composition to evoke certain 

emotion, which has both academic values and commercial potentials.  

 

Keywords: music, artificial intelligence, emotion, algorithmic composition, affective 

computing.   
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 Introduction 

Music is the structured sounds that are produced by humans as a means of social 

interaction, expression, diversion or evocation of emotion (Koelsch, 2014). On the one 

hand, people compose music to express their minds for thousands of years. On the 

other hand, music attracts people because it can evoke people’s emotion. Recently, the 

notable advance of artificial intelligence (AI) provides us new ways to produce and 

understand the music.  

This thesis proposes a framework to compose music works and analyse music 

emotions using artificial intelligence technology. In this chapter, we provide the 

motivation of the proposed framework, describe the structure of the main works in the 

framework, and give the organization of this thesis.  

1.1 Motivation of Music Composition and Music 

Emotion Analysis via Artificial Intelligence 

 

Figure 1.1 The basic relationship between human and music. 

Music is a universal feature in human societies (Koelsch, 2014). The research of 

this thesis is motivated by the basic interaction relationship between human and music 

(see Figure 1.1). First, we are interested in how human create music. Specifically, we 

HumanMusic
Composition

Emotion
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focus on algorithmic composition, which designs the computational models to 

generate the music like human composer. Second, we are interested in how human 

understand music. Specifically, we focus on music emotion analysis using 

computational model.   

1.1.1 Algorithmic composition 

Composition is the process or skill of writing music (Cambridge University Press, 

2018). Human started music composition in the prehistory period, which is even 

earlier than 4000 years ago (Wallin, Merker, & Brown, 2001). Recently, the advance 

of artificial intelligence (AI), which is defined as the study of agents that receive 

percepts from the environment and perform actions, attracts more and more 

researchers to explore using computational algorithms to compose music. This 

research topic is usually refered as algorithmic composition.  

Algorithmic composition is the process of using some formal process to make 

music with minimal human intervention (Alpern, 1995). Sometimes algorithmic 

composition is also referred to as “automated composition”. Algorithmic composition 

is not a new idea. In musical history, the history of algorithmic composition dates back 

as far as the ancient Greeks. Pythagoras (570 BC – 495 BC) believed in a direct 

relation between the laws of nature and the harmony of sounds as expressed in music 

(Maurer, 1999). Mozart (1756 – 1791), the great composer in human history, has also 

used algorithmic composition technique. The composition procedure of his 

Musikalisches Wurfelspiel (“Dice Music”) involved assembling some small musical 

fragments, and combining them together into a new piece randomly (Alpern, 1995).  

Since the mid-20th century, computers have given people new opportunities to 
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further automate the music composition. In the past sixty years, researchers have 

explored and invented many different algorithmic composition methods. A 

representative approach in the early stage is the rule-based method, which encode rules 

from music theory or experiment into the computer and make the computer generate 

music following these rules. For example, Rader at University of Pennsylvania 

proposed a rule-based artificial intelligence program to generate melody and harmony 

(Rader, 1992) (Rader, 1974). Figure 1.2 shows an example of rule-based method for 

chord sequences used by Rader. Chord is defined as the combination of two or more 

harmonic pitches. Here, Rader used six different types of chord and each chord 

consists of three pitches. Following a bunch of designed rules, the computer 

automatically generates new music pieces.  

 

Figure 1.2 Example of rule-based method. (a) Six types of chord are used. (b) A 
bunch of rules are implemented. 

Chord name: I II III IV V VI

Example rules:
- No rule is applicable after the chord pattern
has reached an initially specified length.

- The first chord must be I.
- The last two chords must be I.
- IV, I, and IV may not follow VI, III, and III,
respectively.

- …

(a)

(b)

Each chord consists
three different pitches
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Figure 1.3 Transition matrix of Markov chain used in algorithmic composition. The 
element value in the matrix describe the transition probabilities from one chord to 

another. Given a first chord, the second chord can be randomly chosen by the 
computer based on the transition probabilities. Then based on the chosen chord, the 

computer can choose the next chord iteratively and can finally generate a chord 
sequence. 

Besides, some other researchers explored the methods based on probability, such 

as Markov model. A well-known pioneering work of modern algorithmic composition 

is the string quartet Illiac Suite by Hiller and Isaacson at the University of Illinois in 

1957 (Hiller Jr & Isaacson, 1957). This work was composed using the high-speed 

digital computer and the computational model of Markov chain, which models the 

probability transitions between different music notes. Based on this seminal work, 

many works focus on the Markov-based composition methods. Figure 1.3 shows an 

I II III IV V VI
I

First chord
Se
co
nd
ch
or
d

High probability

Low probability

II
II
I

IV
V
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example of transition matrix used in the Markov chain for algorithmic composition. 

Such a transition matrix can be obtained from the music theory, expert experience, or 

statistics of musical data sets. The element values in the matrix describe the transition 

probabilities from one chord to another. For example, the chord IV (also referred as F 

major chord in music) is often followed by the chord V (G major) and is seldomly 

followed by chord II (D minor), III (E minor), IV (F major) and VI (A minor). Based 

on the transition probabilities in the matrix, the chords can be randomly generated in 

a sequential way. 

Recently, the advance of deep learning technique has attracted much attentions 

and some works have been done to mine its potential in algorithmic composition. The 

most representative case is the Magenta project launched by Google. Using deep 

learning models such as recurrent neural networks (RNNs), the composition machine 

can learn from large scale musical data set. Compared with some previous methods 

like the rule-based one, this kind of deep learning composition models can generate 

music in a more automatic manner without any human encoded rules or other 

knowledge. Moreover, Magenta applies the composition models in various human-

computer interaction scenarios, which makes the algorithmic composition funnier and 

more interesting. For example, Figure 1.4 shows the interface of a demo named Piano 

Genie in Magenta (https://magenta.tensorflow.org/pianogenie). This demo allows 

normal people without professional music background composing music like a 

professional one. All the user needs to do is pressing on an eight-key keyboard. The 

deep learning composition model can change the input sequence from scratch into a 

musical sequence in a real-time manner. 
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Figure 1.4 The interface of Piano Genie in Magenta. It allows normal people without 
professional background composing a professional-like music piece. The user 

presses on a keyboard with only eight keys (see the eight different colors in the 
bottom), and the composition model generates musical sequence which can have 

more than eighty different pitches (see the real piano keyboard in the top) in a real-
time manner. 

Unfortunately, although encouraging progresses has been obtained in recent years, 

the problems of algorithmic composition still show very challenging. Compared with 

many real-world AI applications such as face detection and speech recognition, the 

algorithmic composition is still in the library. There are two fundamental challenges 

in algorithmic composition: novelty and evaluation.  

For the novelty, there is no previous work that improves the novelty of the 

machine-composed music. Current works on algorithmic compositon mainly optimize 

the composed music to be similar to existing music training sets. However, since music 

composition is artistic creation in nature, a perfect copy of an existing music piece is 

Piano keyboard

Generated music

Input keyboard
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not a good work. 

For the evaluation, although algorithmic composition has been studied for 

centuries, there is no widely accepted criteria to evaluate the quality of the machine-

composed music. Most existing works depend on questionnaire-based evaluation. 

Objective observation, quantitative information and timely response are difficult to 

acquire from this kind of subjective questionnaire-based evaluation. 

Since the above challenges of novelty and evaluation are important and 

fundamental in the research of algorithmic composition, we aim to address them in 

this thesis. Two works corresponding to those challenges has been done. More detailed 

description of these challenges and our proposed approach will be presented in the 

following chapters. 

1.1.2 Music emotion analysis 

No matter what style of music may interest you, the ability of arousing powerful 

emotions might be an important reason behind most people’s engagement with music 

(Juslin & Västfjäll, 2008) (Zentner, Grandjean, & Scherer, 2008). Such an amazing 

ability of music has fascinated not only the general public but also the researchers 

from different fields throughout the ages (Eerola & Vuoskoski, 2010). As defined in 

Drever’s psychology dictionary, emotion is a mental state of excitement or 

perturbation, marked by a strong feeling, and usually an impulse towards a definite 

form of behavior (Drever, 1952). Ekman presented a categorical model of emotions 

based on human facial expressions, which divides emotions into six basic classes: 

happiness, surprise, fear, sadness, disgust, anger (Ekman, 1984) (Y. Liu, Liu, Zhao, & 

Hua, 2015). The facial expressions of these six emotion classes are illustrated in 
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(Spindler & Fadrus, 2009) (Y. Liu, Liu, Zhao, et al., 2015). 

 

Figure 1.5 The facial expressions of six basic emotion classes. 

Another classical categorical emotion model is the adjective checklist proposed 

by Hevner (K. Hevner, 1935). She divided the affective adjective into eight clusters, 

where the adjectives with the same clusters are similar. In addition, the eight clusters 

are laid out in a circle as in Figure 1.6. The meaning of neighboring clusters varies in 

a cumulative way until reaching a contrast in the opposite position (Y.-H. Yang & Chen, 

2012).  
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Figure 1.6 Illustration of Hevner’s eight clusters of adjectives. The eight clusters are 
laid out in a circle. The IDs of different emotion clusters are marked in different 

colors. 

Beside the categorical model, other researchers use dimensional models to 

represent the emotions. Different with the categorical emotion models, which 

distinguish different emotions by dividing them into different classes or clusters, the 

dimensional models focus on placing different emotions at different locations in a 

space spanned based on several affective dimensions. The most representative one is 

the 2D valence-arousal (V-A) emotion space proposed by Russell (Russell, 1980). 

Figure 1.7 shows the V-A space. V-A space is also referred to as two-dimensional 

emotion space (2DES) or circumplex model. In the V-A space, emotions are placed on 

a circular structure in the space of two dimensions: valence and arousal. The advantage 
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of this V-A emotion space is that it provides a simple yet effective way to describe the 

complex concepts of emotion by a low-dimensional representation. With the V-A 

representation, a lot of affective computing tasks, such as emotion regression and 

ranking, can be performed. 

 

 

Figure 1.7 The valence-arousal (V-A) space. The horizontal axis represents valence 
and the vertical axis represents arousal. Different emotions are placed on a circular 

structure in this two-dimensional space. 

Based on these emotion models, people have explored many different artificial 

intelligence techniques on the emotion analysis of music. The two most typical tasks 

are music emotion classification and music emotion regression. For the music emotion 
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classification, the categorical emotion models are frequently employed to label the 

emotion of music pieces or segments. There are also some studies using the four 

quadrants of VA space to label the emotion classes. The genres of these music pieces 

or segments may be popular, classical, or jazz. The emotions are labeled by 

professional musicians or normal subjects in online or offline ways. Then, 

classification models are trained under supervised or unsupervised settings.  

For the music emotion regression, the emotions of music are usually represented 

by dimensional emotion models. For example, Yang et al. perform emotion regression 

in V-A space and applied the learned regressor to model the time-variation of emotion 

in a song (Y.-H. Yang, Lin, Su, & Chen, 2008). This kind of music emotion regression 

tasks are of great significance in many applications of music information retrieval.  

Although the artificial intelligence techniques for music emotion analysis have 

achieved good progress, especially in many commercial applications, such as music 

recommendation (X. Wang, Rosenblum, & Wang, 2012) and music video generation 

(J.-C. Lin, Wei, & Wang, 2016), it is still a very challenging task to recognize the music 

emotions accurately. An important reason is that the music pieces or segments deliver 

multiple and complex emotions, while many previous methods model the music 

emotion by a single label or one point in dimensional emotion spaces (Y.-H. Yang et 

al., 2008).  

Some researchers have explored to use brain imaging technique to discover the 

the mental activity related to music emotions. In those studies, the technique of 

electroencephalography (EEG) has demonstrated its feasibility and effectiveness in 

the music emotion analysis. A lot of interesting observations have been reported. 

However, the problem of inter-trial effect influences the quality of EEG data and 
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results in performance loss in emotion recognition.  

In this thesis, we address the above problems of multiple emotions and inter-trial 

effect with two works, where we explore better emotion recognition methods based 

on both audio signals and brain imaging data. 

1.2 Proposed Framework 

In this thesis, we present four main works in the aspects of algorithmic 

composition and music emotion recognition. For algorithmic composition, we focus 

on the problems of quality evaluation and novelty improvement, and present two 

works: 1) musicality-novelty generative adversarial nets for algorithmic composition; 

2) musicality evaluation for algorithmic composition via electroencephalography. For 

music emotion recognition, we focus on the problems of multiple emotions and inter-

trial effect. We analyze the music emotion using both audio and EEG data, and present 

two works: 3) multi-label music emotions via quantum convolutional neural network; 

4) EEG-based emotion classification in music listening via resting-state alignment.  

1.2.1 Musicality-novelty generative adversarial nets for 

algorithmic composition 

Music composition is artistic creation in nature. To deliver both melodious and 

refreshing music, we propose the musicality-novelty generative adversarial nets 

(MNGANs) for algorithmic composition. With the same generator, two adversarial 

nets alternately optimize the musicality and novelty of the machine-composed music. 

A new model called novelty game is presented to maximize the minimal distance 
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between the machine-composed music sample and any human-composed music 

sample in the novelty space, where all well-known human composed music products 

are far from each other. We implement the proposed framework using three supervised 

convolutional neural networks (CNNs) with one for generator, one for musicality critic 

and one for novelty critic on the time-pitch feature space. Specifically, the novelty 

critic is implemented by Siamese neural networks with temporal alignment using 

dynamic time warping. We provide empirical validations by generating the music 

samples under various scenarios. 

1.2.2 Musicality evaluation for algorithmic composition 

via electroencephalography 

It is very challenging to evaluate the creative work of artificial intelligence, such 

as algorithmic composition. Due to the nature of creativity, most existing criteria of 

music analysis, for example, similarity of the data, cannot be used directly to measure 

the quality of a new piece of music composed by computer. Subjective evaluation 

based on questionnaire lacks quantitative evaluation with solid evidence. To address 

these difficulties, we propose a novel computational model combined with a novel 

psychological paradigm. Utilizing brain imaging techniques, the proposed evaluation 

method can provide reliable musicality score for machine-composed music. 

1.2.3 Multi-label music emotions via quantum 

convolutional neural network 

Music can convey and evoke powerful emotions. But it is very challenging to 
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recognize the music emotions accurately by computational models. The difficulty of 

the problem can exponentially increase when the music segments delivery multiple 

and complex emotions. We propose a novel method named quantum convolutional 

neural network (QCNN) to learn music emotions. Inheriting the distinguished 

abstraction ability from deep learning, QCNN automatically extracts the music 

features that benefit emotion classification. The main contribution of this work is that 

we utilize measurement postulate to simulate the human emotion awareness in music 

appreciation. Statistical experiments on the standard dataset shows that QCNN 

outperforms the classical algorithms as well as the state-of-the-art in the task of music 

emotion classification. Moreover, we provide demonstration experiment to explain the 

good performance of the proposed technique from the perspective of physics and 

psychology.  

1.2.4 Electroencephalography-based single-trial music 

emotion classification via resting-state alignment 

Electroencephalography (EEG) is a powerful tool in the music emotion analysis. 

multi-trial music listening is the most frequently used psychological in the research of 

EEG-based music emotion analysis. However, the emotion evoked in previous trials 

would influence the mental state in current trial. This phenomenon is defined as inter-

trial effect, which could result in the poor data quality and unreliable emotion label, 

and would furhter influence the accuracy of recognizing the emotions evoked by 

specific music excerpt. To address this problem, we propose a new single-trial 

psychological paradigm using EEG supported by a novel computational model. 

Although single-trial design can avoid inter-trial contamination, insufficient training 
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data with large inter-subject variance is a big challenge. We propose a novel algorithm 

named resting-state alignment that projects the training data to a new space, aiming at 

minimizing the variance of resting-state data from different subjects. By jointly 

optimizing the intra-class variance and inter-class distance simultaneously, the testing-

state algorithm generates a low-dimensional feature space, which demos impressive 

accuracy improvement for different classifiers. 

1.3 Organization 

The organization of this thesis is illustrated in Figure 1.8. The proposed structure 

comes from the interaction between music and human, namely, composition and 

emotion. The content of Chapter 2 and Chapter 3 are corresponding to the AI 

composition, and Chapter 4 and Chapter 5 are corresponding to the AI music emotion 

analysis. Chapter 2 presents the novel algorithmic composition model named 

musicality-novelty generative adversarial nets (MNGANs). Chapter 3 describes our 

novel method of musicality evaluation for algorithmic composition via EEG. In 

Chapter 4, we present the novel multi-label music emotion classification model 

inspired by quantum mechanism. In Chapter 5, we provide the novel single-trial music 

listening paradigm together with the novel computational method named resting-state 

alignment. Extensive experiments and the results are reported in each of the above 

chapters. The thesis is closed by conclusion and future work in Chapter 6.  
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 Musicality-Novelty Generative 

Adversarial Nets for Algorithmic 

Composition 

2.1 Overview 

Algorithmic composition enables the computer to compose music just like human 

musician. Algorithmic composition has lasting charm because it intends to 

approximate artistic creation, most mysterious part of human intelligence. To deliver 

both melodious and refreshing music, in this chapter we propose the musicality-

novelty generative adversarial nets (MNGANs) for algorithmic composition. With the 

same generator, two adversarial nets alternately optimize the musicality and novelty 

of the machine-composed music. A new adversarial model named novelty game is 

presented to maximize the minimal distance between the machine-composed music 

samples and any human-composed music samples in a novelty space, where all well-

known human composed music products are far from each other. We implement the 

proposed framework using three supervised CNNs with one for generator, one for 

musicality critic and one for novelty critic on the time-pitch feature space. We provide 

empirical validations by generating the music samples under various scenarios. (G. 

Chen, Shenghua, Liu, & Zhang, 2018) 
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2.2 Background and Motivation 

Recent enormous advance in artificial intelligence makes algorithmic 

composition a topic of great concern (Dong, Hsiao, Yang, & Yang, 2018) (Herremans 

& Chew, 2017) (Jaques et al., 2016). The magic of algorithmic composition lies in that 

it targets to reproduce the real intelligence of human beings, rather than a sophisticated 

imitation. Obviously, it is very challenging to build the artistic creativity of machines. 

Although researchers have made a lot of effort for many years, algorithmic 

composition still stays in the research labs while other artificial intelligence techniques, 

such as search agents and fingerprint recognition, have been widely used in the 

industry. 

A new trend in algorithmic composition is using generative adversarial nets 

(GANs) (Goodfellow et al., 2014), which cast generative modeling as a game between 

two competing networks: a generator network produces synthetic data and a 

discriminator network discriminates between the generator's output and true data. 

GANs can generate visually appealing samples, but are often hard to train. To address 

this problem, Arjovsky et al. propose the Wasserstein GAN algorithm with a novel 

discriminator called critic, which improves the stability of learning, get rid of problems 

like mode collapse, and provide meaningful learning curves useful for debugging and 

hyperparameter searching (Arjovsky, Chintala, & Bottou, 2017). Most recently, 

Gulrajani et al. propose to improve the training of Wasserstein GAN via gradient 

penalty (Gulrajani, Ahmed, Arjovsky, Dumoulin, & Courville, 2017).  

It is no accident that GANs-based methods are studied in our work because of 

irreversibility of musical rules in composition. Music is an artistic combination of 
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artificial sound, hence there is no absolute standard to identify a correct music or 

incorrect one. It mainly depends on the subjective experience of audiences to indicate 

if the composition is successful. And even if we find the complete rules from human-

composed music, such as the composition theory, we can only conclude that those 

rules are used by some individual music works. But we cannot generate the music 

directly from these rules. Simply speaking, rules don’t make the music; it is the music 

that makes the rules (Sabater, Arcos, & de Mántaras, 1998). The advantage of using 

GANs in algorithmic composition is that the model targets to make the machine-

composed music undifferentiated from the human-composed music by iteratively 

updates the weight spaces of generator and discriminator via an adversary approach. 

Some existing works have validated the effectiveness of GANs in algorithmic 

composition (Dong et al., 2018) (Yu, Zhang, Wang, & Yu, 2017). Unlike most existing 

works that focus on the imitation of musicality, i.e., the property of sounding like 

music (Miller, 1995), in this chapter we emphasizes the imitation of artistic creation, 

i.e., the novelty of the generated sample. Unfortunately, existing GANs-based 

algorithmic composition cannot output the product with enough novelty naturally. 

Think of an extreme example. Suppose that the GANs generate n music samples by 

training m human-composed samples while n is smaller than m. If n generated samples 

are exactly the same with n real samples in the training data set, GANs will converge 

perfectly. However, for artistic creation like music composition, this perfect result 

means that the generated music is actually a copy of existing work. Although the 

randomness of GANs may avoid this extreme situation, the novelty in artistic creation 

using GANs relies more on luck. 

To address this problem, we propose a new framework named musicality-novelty 
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generative adversarial nets (MNGANs), which optimize the musicality and novelty of 

machine-composed music alternately via two generative adversarial nets. Similar with 

existing works, the first generative adversarial nets aim at good musicality. The 

generator in the musicality game is trained to minimize the divergence between the 

distribution of machine-composed music and the distribution of human-composed 

music. The discriminator in the musicality game, which is called musicality critic, is 

trained to distinguish between the generated music samples and human-composed 

music samples. 

The second generative adversarial nets aim to guarantee the novelty of the 

generated music, which is the main contribution of this chapter. Novelty measure is 

very challenging due to the difficulty to define the novelty. People with different 

backgrounds hold different viewpoints, and so far, there is no widely accepted criteria 

of novelty in artistic creation. Moreover, it is also very difficult to quantify novelty. 

Tracking the history, inheritance and absorption promote the prosperous of art while 

the copyright of artists is violated by plagiarism and replication, which impede the 

development of music. Hence, how to distinguish different degrees of reference is a 

controversial topic in the music field. Inspired by the rationale of GANs, this chapter 

proposes a new model to improve the novelty of music samples by utilizing the 

adversarial relationship of GANs based on the assumption that all well-known human-

composed music samples have enough novelty. This is a reasonable assumption, which 

fortunately makes the problem of novelty modeling much easier. Unlike the musicality 

critic for the musicality game, the input to the novelty critic for novelty game is a set 

of pair-wise music samples and the output is a set of novelty labels. We propose a new 

critical model to construct the novelty space, which guarantees that all the human-
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composed music samples are far from each other there. The generator of the novelty 

game is shared with the musicality game, adjusted by a new objective function based 

on a simple idea that a generated music with good novelty is not similar to any existing 

human composed music works. Therefore, in the novelty game, the generator is trained 

to generate the music which maximizes the minimal distance to human-composed 

music in the novelty space. 

In summary, by training the GANs for musicality and novelty simultaneously, the 

computer generates the music, which brings refreshing experience with the common 

characters similar to some well-known human-composed music samples.  

2.3 Related Work 

In this section, we brief the important works of algorithmic composition in time 

order. The best-known pioneering work of modern algorithmic composition is the 

string quartet Illiac Suite by Hiller and Isaacson in 1957 (Hiller Jr & Isaacson, 1957). 

Markov chain is used to generate notes in their composition system. Based on this 

seminal work, many studies focus on the Markov probability transitions and achieve 

some encouraging results. But the melodic quality of these works is not good enough 

and most of them do not consider the expressiveness and emotional content in music. 

Different to the Markov chain-based methods, rule-based composition method is 

proposed by Koenig (Koenig, 1993) to generate music with better structure. Besides, 

Rader (Rader, 1992) proposes a rule-based artificial intelligence program to generate 

melody and harmony. The rules used in this program describes how notes or chords 

can be put together. Artificial intelligence techniques are used to determine the 

applicability of these melody and chord-generation rules, and the likelihood of 
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application of an applicable rule. 

Marvin Minsky, a superstar in artificial intelligence, hints that it is a possible 

approach to generate music using intelligent agents (Minsky, 1982). Using searching 

agent, Cope’s experiments in musical intelligence (EMI) program successfully 

composes music in the styles of many famous composers such as Chopin, Bach, and 

Rachmaninoff (Cope, 1987). With the advances in machine learning algorithms and 

computer hardware, many studies focus on the learning-based methods. Early attempts 

using learning-based method are reported in (Todd, 1989), where monophonic 

melodies are encoded in pitch and duration and a recurrent neural network (RNN) is 

trained to predict upcoming events. Bharucha trains a neural network to model the 

musical harmony. Eck and Schmidhuber trained a long short-term memory (LSTM) 

network jointly on a single chord sequence along with several different melodies (Eck 

& Schmidhuber, 2002). Besides neural networks, learning methods such as random 

field have also been used to model the polyphonic music (Lavrenko & Pickens, 2003). 

Some other studies focus on musical structure generation. Hörnel and Degenhardt uses 

a neural network to learn and reproduce higher-level structure in melodic sequences. 

Markov chains and evolutionary algorithms are also used to generate repetition 

structure (Hörnel & Degenhardt, 1997). Another study proposes to generate repetitive 

harmonic sequences by a formal representation for the semiotic structure of chord 

sequences and a learned statistical model for ranking the instances of a semiotic pattern 

(Conklin, 2016). 

In recent years, neural network models become deeper. Boulanger-Lewandowski 

et al. proposes the RNN restricted Boltzmann machine (RNN-RBM) model for 

polyphonic music generation (Boulanger-Lewandowski, Bengio, & Vincent, 2012). 
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To create accurate yet flexible music models, Lyu et al. proposes the LSTM recurrent 

temporal RBM (LSTM-RTRBM) method that achieves significant performance 

improvement (Lyu, Wu, & Zhu, 2015). To improve the efficiency and efficacy of 

LSTM, Liu et al. (Liu, Ramakrishnan, & others, 2014) propose to use resilient 

propagation (RPROP) instead of standard back propagation to train the RNN in music 

composition. A generative model of convolutional restricted Boltzmann machine (C-

RBM) is proposed in (Lattner, Grachten, & Widmer, 2016) to impose higher-level 

structure of the generated polyphonic music. To generate natural-sounding music 

conforming to music theory, some tenets from music theory are encoded as filters in 

(L.-C. Yang, Chou, & Yang, 2017). A hierarchical model that incorporates knowledge 

from music theory is proposed in (Chu, Urtasun, & Fidler, 2017) to generate multi-

track pop music. This work shows some interesting applications such as neural 

dancing and neural story singing. Using reinforcement learning, a novel RNN-based 

method is proposed in (Jaques et al., 2016) for improving the structure and quality of 

the generated sequences, while maintaining information originally learned from data 

as well as sample diversity. This work demonstrates good performance in generating 

musically pleasing melodies. Another interesting work (Kalingeri & Grandhe, 2016) 

uses raw audio, instead of MIDI file, to train LSTM networks, which requires less 

manual effort for data representation. The industry also makes some of their deep 

learning composition projects open source (Hadjeres & Pachet, 2016) (Elliot Waite 

Douglas Eck, 2016), which provides practical tools for the research in this field. 

Triggered by the boom of GANs in image and video generation (Vondrick, 

Pirsiavash, & Torralba, 2016) (Saito, Matsumoto, & Saito, 2017) (Olszewski et al., 

2017). Some researchers have tried using GANs in algorithmic composition. The 
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SeqGAN proposed in (Yu et al., 2017) enables the framework of GANs to generate 

sequences tokens such as monophonic music. Using SeqGAN, (Lee, Hwang, Min, & 

Yoon, 2017) generates musically coherent sequences and reports that careful tuning of 

reinforcement learning signals is crucial for music generation. C-RNN-GAN proposed 

in (Mogren, 2016) trains a sequential model with continuous data to generate classical 

music. Different to most deep learning music generation methods which use the 

architecture of RNNs, the MidiNet in (L.-C. Yang et al., 2017) uses convolutional 

neural networks (CNNs) as the generator and discriminator, and designs a conditional 

CNN to “look back” without a recurrent unit. Most recently, Dong et al. proposes the 

MuseGAN. Different from most of previous works, MuseGAN can generate symbolic 

multi-track music (Dong et al., 2018). In this composition system, three different 

models, namely, jamming model, composer model, and hybrid model, are designed in 

this work for different compositional approaches. Two methods are also provided to 

model the temporal structure in music. The music pieces generated by these GAN-

based methods show good progress in many different prospects, such as chord 

formation, overall structure, and melodiousness. The impressive performance 

evidences the potential of GANs in music creation and encourages our further 

exploration of algorithmic composition. 

2.4 Proposed Method 

The general framework of musicality-novelty generative adversarial nets is 

shown in Figure 2.1. The proposed framework utilizes two games to optimize the 

musicality and the novelty alternately by sharing the same generator. In the musicality 

game, we simultaneously train two models: a generator and a musicality critic. The 
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generator captures the real music distribution and outputs the generated music 

instances. The musicality critic estimates the distance between the generator's 

distribution and the real music distribution. In the novelty game, a generator and a 

novelty critic are also trained simultaneously. The generator captures the machine-

composed music that is far from any human-composed music in the novelty space, 

while the novelty critic seeks the novelty space where all human-composed music 

samples are far from each other.  

 

 

Figure 2.1 The general framework of the proposed musicality-novelty generative 
adversarial nets. 

 

From the global view, the machine-composed samples and human-composed 

samples should have similar distributions, while from the local view, a machine-

composed music should guarantee enough distance to the nearest human-composed 
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neighbor. With this framework, we expect to generate music with both good musicality 

and good novelty. 

 

2.4.1 Musicality game 

Let  be a music instance, where  denotes the number of time 

steps in the instance. We denote the generator as , where  is a differentiable 

function represented by a multilayer perceptron with parameters . The input  to 

the generator is sampled from some simple noise distribution implicitly defined by 

. In addition, we define a second multilayer perceptron, the musicality critic, 

as  with parameter . We denote the generator's distribution as  and the 

real music distribution as . To learn the generator’s distribution  over the real 

music,  and  play the following two-player minimax game: 

   (2.1) 

where  denotes the generated music instances. Under an optimal 

musicality critic, minimizing the objective function in Eq. (2.1) with respect to  

minimizes the Wasserstein distance between  and  (Gulrajani et al., 2017). In 

this thesis, the game in Eq. (2.1) is named musicality game. 

2.4.2 Novelty game 

We begin with the definition of the pairwise novelty: 

Definition 1 Pairwise novelty: Given two music instances  and , the 
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pairwise novelty is a function  representing the degree of 

dissimilarity between  and . 

Based on the pairwise novelty, we propose an assumption: 

Assumption 1: Given a set of real music instances  and a generated 

music instance , the higher the pairwise novelty  is for all 

, the higher the novelty of  is. 

With this assumption, we design a novelty critic to model the pairwise novelty. 

Similar to the generator and musicality critic, the novelty critic is represented by a 

third multilayer perceptron. Based on the pairwise novelty, the novelty critic and the 

generator optimize their parameters via a maximin game. 

We denote the novelty critic as  with pairwise input and scalar output. 

Similar to the generator and musicality critic, the novelty critic is represented by a 

third multilayer perceptron with parameters v. We train  to be an ideal adversary 

of the generator, which maximize the pairwise novelty between real music instances, 

and minimize the pairwise novelty between generated and real music instances. We 

simultaneously train the generator  to maximize the the pairwise novelty between 

generated and real ones. In other words,  and  play the following two-player 

maximin game: 

   (2.2) 

Note that we use the infimum rather than expectation as our optimization 

objective, because a large average pairwise novelty would still tolerate small 

individual pairwise novelty, but we aim to generate music which is novel compared 

with any one of the real music instances. 
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Algorithm 1  Musicality-novelty generative adversarial nets 
Require:  and , the learning rates in musicality game and novelty 

game, respectively. Similarly,  and , the clipping 

parameters.  and , the batch sizes.  and , the 
numbers of iterations. 

Require: , initial generator parameters. , initial musicality critic 
parameters. , initial novelty critic parameters. 

1: while  has not converged do 
2:  /* Musicality Game */ 
3:  for  do 
4:   Sample a batch  from the real music instances. 
5:   Sample a batch  from a noise distribution. 
6:   

 

7:    
8:    
9:  end for 

10:  Sample a batch  from a noise distribution. 
11:  

 

12:   
13:  /* Novelty Game */ 
14:  for  do 
15:   Sample a batch  from the real music instances. 
16:   Sample a batch  from a noise distribution. 
17:   , where 

 and  
18:    
19:    
20:  end for 

21:  Sample a batch  from a noise distribution. 
22:  , where  
23:   
24: end while 

αD αH

cD cH
mD mH UD UH

θ0 w0
v0

θ

uD = 1,...,UD

{xn}n=1mD ∼ Pr
{zn}n=1mD ∼ pz(z)

gw ←∇w[
1
mD

Dw
n=1
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∑ (xn )−
1
mD

Dw
n=1

mD

∑ (Gθ (zn ))]

w← w+αD ⋅RMSProp(w,gw)
w← clip(w,−cD ,cD )

{zn}n=1mD ∼ pz(z)

gθ ←−∇θ
1
mD

Dw
n=1

mD

∑ (Gθ (zn ))

θ ←θ −αD ⋅RMSProp(θ ,gθ )

uH = 1,...,UH

{xn}n=1mH ∼ Pr
{zn}n=1mH ∼ pz(z)

gv ←∇v[inf{Hv (x! n1 ,xn2 )}− inf{Hv (xn3 ,xn4 )}]
n1,n2 ,n3,n4 ∈{1,...,mH} n3 ≠ n4
v← v −αH ⋅RMSProp(v,gv )
v← clip(v,−cH ,cH )

{zn}n=1mH ∼ pz(z)
gθ ←∇θ inf{Hv (x! n1 ,xn2 )} n1,n2 ∈{1,...,mH}
θ ←θ +αH ⋅RMSProp(θ ,gθ )
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2.4.3 Algorithm 

The musicality-novelty generative adversarial nets are presented in Algorithm 1. 

The musicality game to optimize Eq. (2.1) is stated from line 2 to line 12. The novelty 

game to optimize Eq. (2.2) is stated from line 13 to line 23. 

2.4.4 Implementation 

We propose a general framework of MNGANs, which can support various 

implementations. In this part, we present our implementation in detail and brief some 

other possible implementations. 

Feature space. Referencing the latest work in algorithmic composition (Dong et 

al., 2018), we utilize the third-order tensor to represent the music sequence for both 

the generator and the critic. The first order is the time axis, the second order indicates 

the pitch, and the third order represents bars. The consecutive data points have half 

overlap in the temporal axis. It is fine to utilize other feature space, such as pitch 

sequence as the input for the generator and the critics. 

Learning method. We can utilize either supervised manner (Goodfellow et al., 

2014) or reinforcement manner (Yu et al., 2017) for the learning of GANs. Followed 

the classical GANs (Goodfellow et al., 2014), supervised manner is used in our work. 

For the musicality game, human composed music works are defined as the positive 

examples. For the novelty game, a pairwise human composed music is defined as one 

positive example. Reinforcement manner and the learning combining both the 

supervised manner and reinforcement manner are also promising, which have been 
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listed as our future work. 

Generator. Under the proposed framework, the generator can be implemented 

by any neural network-based method, no matter in the shallow structure or deep one. 

Consistent with the feature space of second-order tensor structure, our work utilizes 

the CNNs as the generator. No doubt, RNNs (Yu et al., 2017) and long-short term 

memory (LSTM) (Eck & Schmidhuber, 2002), are also good choices for the proposed 

framework. 

Critic. The musicality critic holds the similar setting with the existing works of 

GANs-based algorithmic composition. The novelty critic is a little different because 

the input is the pairwise data from two instances. A naive way to form the pairwise 

data is to stack two instances  and  up into a tensor with higher order, namely, 

. Besides, we recommend to use siamese neural networks (Bromley, 

Guyon, LeCun, Säckinger, & Shah, 1994) to learn the pairwise novelty. Both of the 

siamese RNNs (Mueller & Thyagarajan, 2016) and siamese CNNs (Valmadre, 

Bertinetto, Henriques, Vedaldi, & Torr, 2017) are designed specifically for pairwise 

data and have shown good performance. 

Temporal Alignment. For a better performance, temporal alignment for pairwise 

music samples is considered. In our work, we use the dynamic time warping (DTW) 

method to process the music instance pair before feeding it to the novelty critic. Let 

 and  be any two different music instances from real music or generated music: 

   (2.3) 

where  is a subset of real music data with cardinal number m, 

and  is the set of generated music with cardinal number m.  and  

a b

input ={aT ,bT}T

a b

a,b∈Xm∪X!m ,a ≠ b,

Xm ={x}n=1m ⊆{xn}n=1N

X!m ={x!}n=1m Xm X!m
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represent the batch data used in one training iteration, and m represents the batch size. 

For two time steps  and , we consider a differentiable substitution-cost 

function , which will be the quadratic Euclidean distance between two 

vectors in most cases. Then, we can define the cost matrix  as follows: 

   (2.4) 

Besides, we write  for the set of alignment matrices, which 

represents the paths on a  matrix that connect the upper-left  matrix entry 

to the lower-right  one using only  moves. The optimal alignment 

matrix  is given by solving the Dynamic Time Warping (DTW) problem as 

follows: 

   (2.5) 

where  denotes the inner product. The problem in Eq. (2.5) can be solved using 

the Bellman’s recursion (Bellman, 1952). Let  be the L-step 

path determined by the optimal alignment matrix , where the index pair 

 represents that step  of the optimal path is at row  and 

column . We can write the aligned music instances  and  as follows: 

   (2.6) 

The alignment in Eq. (2.6) can be represented by a two-layer perceptron 

mapping T neurons into L neurons. For each , we use a 

synapse with fixed weight 1 to connect the neuron t of input layer and neuron 1 of 

t1 t2

δ (a t1 ,bt2 )

Δ(a,b)∈!T×T

Δ(a,b) = [δ (a t1 ,bt2 )](t1,t2 ) .

AT ,T ⊂{0,1}T×T

T ×T (1,1)

(T ,T ) ↓,→,↘

A∗

minA∈AT ,T 〈A,Δ(a,b)〉,

〈⋅,⋅〉

p∗ = ( p1,..., pl ,..., pL )

A∗

pl = (il , jl ),il ≤ T , jl ≤ T l il

jl ′a ′b

′a = (ai1 ,...,ail ,...,aiL ),

′b = (bi1 ,...,bil ,...,biL ).

t = il ,   t = 1,...,T ,   l = 1,...,L
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output layer. Thus, in backpropagation, the gradient can be backpropagated to the 

generator. However, because this two-layer perceptron is alignment operation in nature, 

rather than a learning machine, we do not update these fixed weights. 

Applications. The proposed framework can generate the music in different levels 

and various scenarios. The simplest case is to generate a short motif from random 

noise or a piece of humming, which can inspire the human composers to write a 

complete work. Given the motif, it is also applicable to generate its variations, canon, 

and fugue by the proposed framework. A much more complex case is to generate 

polyphonic music with multiple tracks directly if corresponding training data has been 

fed (Dong et al., 2018). In the experiment part, we demonstrate the empirical 

validation by generating the music with the length of several bars, several phrases, and 

several paragraphs. Both the monophonic and polyphonic music are generated. 

2.5 Experiments 

We conduct three experiments to validate the proposed MNGANs. In the first 

experiment, we demonstrate the musicality of the music generated by our proposed 

model. The second experiment validates the novelty of the generated music samples 

by a well-designed recall task. The last experiment compares the performance of the 

proposed model with some representative algorithmic composition methods. 

2.5.1 Musicality 

Setting. We train the musicality-novelty generative adversarial nets on the piano-

roll dataset Lakh MIDI dataset. Following the data reprocessing operation in (Dong et 

al., 2018), we use 50,266 music samples of four bars as training data, and implement 



33 

the generators as CNNs at two level, namely, temporal structure generator with two 

convolutional layers and bar generator with six convolutional layers. The input of the 

generator is random vector with length 128. The output of the generator is samples of 

four bars. The musicality critic is also implemented as CNNs with six convolutional 

layers. We train the model using Adam optimizer. For the novelty critic, we use 

convolutional Siamese networks (Valmadre et al., 2017) to learn the pairwise novelty. 

Following the best setting in (Valmadre et al., 2017), we use two convolutional layers 

in the novelty critic. 

 

 

Figure 2.2 The chord in the sample generated by MNGANs. 

Chord: Eb7
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Figure 2.3 The repeated pattern in the sample generated by MNGANs. 

 

Figure 2.4 The pattern generated by MNGANs similar with atonal music composed 
by Arnold Schoenberg. 

Repeated patterns

Similar patterns

Music score near bar 52, Bewegte, Drei Klavierstücke, Op. 11,
Arnold Schoenberg

Generated music sample
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Results. Figure 2.2 to Figure 2.4 shows the scores and piano-rolls of three 

generated samples. There are some interesting observations about musicality in these 

examples. First, chords are generated in some samples (see Figure 2.2). A chord is a 

combination of different pitches played simultaneously. Only the pitch combinations 

consistent with rules about intervals in the music theory can be formed as a chord. 

Hence, the generation of chords suggests the generator has learned the rules of 

musicality via adversarial training. Second, some repeated patterns are observed (see 

Figure 2.3). By repetition with appropriate variations, simple motives can be formed 

into complex and informative music pieces. The occurrence of the repeated patterns 

implies that the structural information is generated. Third, no obvious tonality is found. 

This could result from the inconsistency of the training dataset, which contains music 

pieces with many different tonalities. However, we report that such multiple tonalities 

training data may be a good “teacher” of atonality. For example, in Figure 2.4 the 

generated sample even shows a pattern very similar with the work Drei Klavierstucke 

of Arnold Schoenberg, the musician famous for atonal compositions. Besides, 

following many previous works, we perform an expert validation with three 

professional musicians on the listening experience of five randomly selected pieces 

we generate. Almost no dissonance is found in the pieces. 

2.5.2 Novelty 

To demonstrate the novelty of our generated samples, we design a human 

experiment paradigm with a recall task. 

Subjects. Fifty-two undergraduate students take part in our study. Using a self-

report questionnaire, 47 of them indicate no professional musical training and they are 
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remained as the subjects. None of the subjects reports neurological or hearing 

dysfunctions. None of the subjects has any prior knowledge of our study. Besides, 

none of them reports that he/she knows the stimuli used in our study. 

Stimuli. The experiment contains four sessions. Each session contains two blocks. 

In the first block, eight human-composed music samples are played to the subjects. In 

the second block, eight music samples in five types as shown in Table 2.1 are played. 

The length of all samples played in this experiment is four bars. 

Table 2.1 The content of five different types of music samples. 

Type Content 

(a) 
four from the eight human-composed music samples used in the first 

block 

(b) one new human-composed music sample 

(c) 

one human-composed sample from a new part in an original music 

piece corresponding to one of the other four samples except (a) used in 

the first block 

(d) one sample generated only by the musicality game 

(e) 
one sample generated by the proposed musicality-novelty genarative 

adversarial nets with both musicality and novelty game 

 

Procedure. The subjects are seated in a comfortable chair in a sound-shielded 

room. A session for practice is provided before the four main sessions. For each session, 

in the first block, subjects only need to listen to the music samples. The first block 

contains eight trials and each trial is followed by an inter-trial period, which contains 

5 seconds silence, 5 seconds white noise, and 5 seconds silence. The inter-trial period 

is provided to minimize contamination from the previous stimuli. A 60 seconds break 
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is provided between two blocks. The second block also contains eight trials. In the 

second block, subjects are required to recall whether the current music sample has 

been played in the first block by questionnaires. Accordingly, the inter-trial period of 

the second block contains 5 seconds silence for the judgement, 5 seconds silence, 5 

seconds white noise, and 5 seconds silence. The music samples are played in the tempo 

of 120 BPM, which is a typical setting (Moelants, 2002). In each block, the music 

samples are played in a random order. The samples used in different sessions are 

randomly selected without replacement. 

Results. We calculate the novelty score of each music sample in the second 

session in a simple way: 

   (2.7) 

where judgement(s,k) equals to 1 if the subject s makes the judgement that the music 

sample k has never been played, and 0 in other case. S = 47 denotes the number of 

subjects. 

Figure 2.5 shows the results. The average novelty score of type (a) is the lowest, 

which indicates the subjects can well detect the old music samples. Type (b) gets a 

relatively high score. Which indicates that the subjects can also detect the novel music 

samples. Type (c) gets an average score around 0.5, which implies the variance 

between different temporal samples within the same piece of music can impact 

subjects’ judgement, while such an effect is limited. The average performance of type 

(d) is also good, but still not sufficient compared with type (b). Type (e) achieves best 

performance, which indicates that our proposed MNGANs can generate music 

samples with good novelty. 

novelty(k) =
judgement

s=1

S

∑ (s,k)

S
,
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Figure 2.5 The samples generated by musicality-novelty generative adversarial nets. 
Type (a) is the repeated human-composed music samples. Type (b) is the new 

human-composed music samples. Type (c) is the new part of human-composed 
music. Type (d) is the machine-composed music generated only by the musicality 

game. Type (e) is the machine-composed music generated by both musicality game 
and novelty game. 

2.5.3 Statistical comparison 

In this part, we compare the experience of the audiences when they listen to the 

music samples generated by different ways.  

Setting. The 47 subjects in the recall task participate this performance evaluation 

experiment after finishing the recall task. The stimuli are the music samples generated 

by five representative methods ranging from classical algorithmic composition 

methods such as EMI to our new proposed MNGANs. Human-composed music 

samples and pure random note sequence are also employed as baselines. All of the 

samples used here are different with those in the recall task. We clip the samples into 
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20 seconds segments, and play them to the subjects in a random order. Subjects rate 

the appreciation experience for each music sample in a 7-point Likert (Allen & 

Seaman, 2007) scale during the 20 seconds inter-trial periods. 

 

Figure 2.6 The experience of the audiences when they listen to the music samples 
generated by different ways. Music samples are composed by seven composition 
methods including: random note sequence (RNS), hidden Markov model (HMM), 
long short-term memory (LSTM), sequence generative adversarial nets (SeqGAN), 

multi-track sequential generative adversarial network (MuseGAN), musicality-
novelty generative adversarial net (MNGAN), human-composed music (HCM). 7-

point Likert scale is used in the subjective rating. High score indicates better 
audience experience. 

Results. Figure 2.6 shows the average scores and standard deviations of audience 

experience. Three professional musicians validate the results. Random note sequence 

has the lowest score while human-compose music has the highest score. The large 

standard deviation caused by listening to random note sequence indicates a significant 

inter-subject difference. The audiences have similar experience when listening to the 
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human-composed music. Compared with algorithmic composition using hidden 

Markov model, neural network-based algorithms achieve better performance in 

general. Moreover, MuseGAN and MNGAN outperform other methods. The proposed 

MNGAN gets the highest score while the MuseGAN performs more stably. 

2.6 Summary 

This chapter proposes a new algorithmic composition model using musicality-

novelty genarative adversarial nets. By iteratively optimizing musicality game and 

novelty game, the machine-generated music evokes the artistic and refreshing 

experience of the audiences. A set of well-designed experiments validate the 

performance of the proposed model. As a general framework, the proposed model can 

support various implementations although this chapter only provides one of them. 

Considering that the current time length of music pieces are less than one minute, but 

normal songs can be much longer, we will explore to generate longer pieces in the 

future. 

Equation Chapter (Next) Section 1 
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 Musicality Evaluation for 

Algorithmic Composition via 

Electroencephalography 

3.1 Overview 

Creativity is an important aspect of artificial intelligence. As a classical topic in 

artificial intelligence, algorithmic composition has attracted researchers’ interest for 

many years. However, it is still very challenging to evaluate the quality of machine-

composed music. Due to the nature of creativity, most existing criteria of music 

analysis, for example, similarity of the data, cannot be used directly to measure the 

quality of a new piece of music composed by computer. This chapter proposes a novel 

computational model combined with a novel psychological paradigm. Utilizing brain 

imaging techniques, the proposed evaluation method can provide reliable musicality 

score for machine-composed music. The experiment results and discussions are 

provided. The evaluation scores of some typical algorithmic composition methods are 

reported. (G. Chen, 2017) 

3.2 Background and Motivation 

Algorithmic composition designs the computational models to generate the music 

like human composer. As a classical topic of multimedia computing, algorithmic 

composition has considerable commercial value in music, film, and gaming industries 



42 

(Lattner et al., 2016). Moreover, the research of automatic music generation 

approximates the most amazing part of human intelligence, creativity and art, hence 

shows great potentials to promote the breakthrough of real machine intelligence. 

Algorithmic composition methods can be broadly divided into two categories: 

rule-based methods that use specified rules for style emulation and music generation, 

such as Cope’s Experiments in Musical Intelligence (EMI) (Cope, 1992); learning-

based methods that build generative statistical models from training corpora (Conklin, 

2016). Markov model (Van Der Merwe & Schulze, 2011) and deep model (Waite, Eck, 

Roberts, & Abolafia, 2016) are two typical machine learning techniques for 

algorithmic composition. 

Although algorithmic composition has been studied for centuries, there is no 

widely accepted criteria to evaluate the quality of the machine-composed music. Most 

existing works depend on the questionnaire to validate the effectiveness of the 

proposed techniques (Chu et al., 2017) (Van Der Merwe & Schulze, 2011). The subject 

is generally asked to select a better piece of music after listening to several ones. These 

subjective evaluation methods directly indicate the experience of the audiences, which 

provides important reference of the performance. However, quantitative information 

and the timely response are difficult to acquire from questionnaire-based evaluation. 

Moreover, a survey with a large number of subjects is needed to support the convincing 

conclusion, which increases the research cost and lengthens the experimental cycle. 

The difficulty of performance evaluation is not specific to the problem of 

algorithmic composition. It is always very challenging to evaluate the creative work 

of artificial intelligence. Due to the nature of creativity, some effective criteria become 

invalid for art evaluation. For example, similarity of the data has been widely used in 
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music classification and retrieval. But for algorithmic composition, we can not use it 

directly. To address this critical problem, we propose a new idea of artistic work 

evaluation using brain imaging techniques according to an assumption that the 

pleasure experience of the audience is measurable. A novel psychological paradigm is 

designed specifically for algorithmic composition evaluation. Electroencephalography 

(EEG) recordings, which reflect real time voltage fluctuations resulting from neurons 

communication, are acquired from the designed paradigm. A novel computational 

model is proposed to measure the quality of the machine-composed music 

quantitatively. 

3.3 Related Work and Preliminary Results 

EEG is a technique for measuring the electrical activity of the brain by means of 

electrodes placed on the scalp over multiple brain areas (Dickter & Kieffaber, 2013). 

It provides temporal resolution in the order of milliseconds. EEG has been used in 

many artificial intelligence and multimedia analysis applications (J. R. Zhang, 

Sherwin, Dmochowski, Sajda, & Kender, 2014) (Mohedano et al., 2014) (Moon & 

Lee, 2015) (S. Liu et al., 2016) (Sasaka, Ogawa, & Haseyama, 2016). Recent work on 

audio stimuli analysis shows that EEG recordings can obtain remarkable accuracy in 

recognizing musical stimuli (Stober, Cameron, & Grahn, 2014). 

To the best of our knowledge, EEG has never been used for quality evaluation of 

machine-composed music. So two preliminary experiments have been conducted to 

validate the feasibility of the proposed idea. In the first experiment, we use support 

vector machine to classify the EEG of the subjects when human-composed music 
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(HCM) and random note sequence (RNS) are listened to. HCM include four piano 

works composed by human (Johannes Brahms – Hungarian Dance No. 2, Frédéric 

Chopin – Minute Waltz, François-Joseph Gossec – Gavotte No. 7, Valentin – A Little 

Story). RNS stimuli also include four piano works, which consist of random pitches 

generated from the uniform distribution with the same range of pitch as HCM. As 

shown in Figure 3.1, high resolution EEG device with 128 channels is used to collect 

the brain wave of the ten subjects (nonmusicians) when eight excerpts are played in 

the random order. We can indicate which stimuli the subjects listen to, HCM or RNS 

with 99.5% accuracy, which implies that HCM and RNS are separable in EEG data. 

The following experiment targets to answer if the separable phenomenon occurs by 

chance. We utilize backward elimination technique (Guyon & Elisseeff, 2003) to 

select 10 most useful channels for HCM and RNS classification, and the feature 

selection results are consistent with neuroscience findings. As illustrated in Figure 3.1, 

the 10 channels were mainly located in the central, frontal, and temporal areas 

left
temporal
area

frontal area

right
temporal
area

central area

posterior area

Figure 3.1 The EEG cap and layout of the 128 channels. The brain is divided into 
five areas by dash lines. The 10 most useful channels are marked in black. 
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(especially in the right temporal areas). Bangert and Altenmüller reported that passive 

auditory musical processing led to activation mainly in central and frontal areas 

(Bangert & Altenmüller, 2003). It is also reported that brain activation patterns during 

music listening revealed widespread bilateral fronto-temporal areas (Altenmüller, 

Schürmann, Lim, & Parlitz, 2002). Bever and Chiarello indicated that nonmusicians 

exhibited right hemispheric preponderance during music processing (Bever & 

Chiarello, 1974). 

3.4 Proposed Method 

According to the review of the related work and the findings from preliminary 

study, we intend to provide the quantitative evaluation of algorithmic composition 

based on EEG of audiences. We define musicality, the property of sounding like music 

(Miller, 1995), as the criterion to quantify the quality of the machine-composed music. 

Regression model is the natural selection for quantitative evaluation of the musicality. 

Unfortunately, we only have partial ground truth data, i.e., human-composed music 

with highest musicality and the random note sequence with lowest musicality. Without 

the ground truth of the scores of machine-composed music, regression models cannot 

be trained. To address this problem, we generate a set of audio stimuli that combine 

the HCM and RNS with certain percentage, such as 80% HCM with 20% RNS. Based 

on the assumption that the stimulus with higher musicality should have the higher 

score, we constrain the rank of the scores according to the percentage of the random 

notes. For different subjects, we want to minimize inter-subject difference when the 

same stimulus is listened to. According to these rationales, we propose a novel 

computational model for EEG data with a novel psychological paradigm for 
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algorithmic composition. Together, the proposed method provides the credible score 

of machine-composed music. 

3.4.1 Paradigm design 

To measure the musicality of the artistic work, we design a new paradigm to 

acquire EEG data of the audiences in music appreciation. 

Subjects. EEG data in this study are recorded from 30 subjects (mean age = 23, 

17 female, all right-handed). Using a self-report questionnaire, all subjects indicate no 

professional musical training. None of the subjects reports neurological or hearing 

dysfunctions. Informed consent is obtained for experiment from the subjects. 

Stimuli. In our experiment, we use four kinds of auditory stimuli. Besides 

human-composed music (HCM) and random generated notes (RNS), which are same 

as the stimuli used in preliminary study, machine-composed music (MCM) and 

partially randomized music (PRM) are provided. MCM includes music composed by 

three typical algorithmic composition methods: rule-based methods by Cope (Cope, 

1992), Markov model by Van Der Merwe (Van Der Merwe & Schulze, 2011), and deep 

learning method by Google (Waite et al., 2016). PRM stimuli are generated by 

replacing some notes in human-composed piano work (Claude Debussy – Arabesque 

No. 1) with randomly generated ones. The randomized notes are uniformly distributed 

in the score of the original music. The proportions of randomization in this experiment 

have four levels: 20%, 40%, 60%, and 80%. 
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Figure 3.2 Illustration of the experimental procedure. 

Procedure. Subjects are seated in a comfortable chair in a sound-shielded room 

and instructed to keep eyes closed during EEG recording. The sequence of stimuli is 

consisted of 13 trials including 4 HCM works, 4 RNS works, 3 MCM works, and 2 

PRM. These 13 trails are played in the random order. As shown in Figure 3.2, a 60-

second stimulus is played to the subject for a single trail. The pretrial period contains 

10 seconds silence, 10 seconds white noise, and 10 seconds silence successively. The 

pre-trial period is provided to minimize contamination from the previous stimuli 

(Tremblay, MacKen, & Jones, 2001). Data is sampled at 250 Hz. 

3.4.2 Computational model 

Let   be the training data set, where  

denotes the second-order representation of the EEG recording of the sth subject when 

listening to the mth class of auditory stimuli. The first order of  includes 128 

dimensions, which are used to represent the EEG data from 128 channels. EEG data 

in each channel is transformed into frequency domain using fast Fourier transform 

(FFT). So the second order of  is the frequency order. We use a bilinear function 

 to denote the musicality score of the mth class of auditory stimuli according 
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to the EEG from the sth subject: 

   (3.1) 

 

Figure 3.3 Illustration of the computational model 

As shown in Figure 3.3, the proposed computational model aims to find a suitable 

function  which minimizes the inter-subject difference and is constrained by 

the musicality ranking order. Here, we set the score of HCM as 1 and the score of RNS 

as 0. Then, the musicality scoring problem is formulated as follows: 

   (3.2) 

Since the above optimization problem is non-convex, we utilize an alternating 

strategy to solve it. 
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• Obtain : We fix , and the objective function in Eq. (3.2) could be 

rewritten as: 

   (3.3) 

where  

   (3.4) 

Eq. (3.3) could be further rewritten as: 

   (3.5) 

where  is the sum of covariance matrices: 

   (3.6) 

Then, we rewrite Eq. (3.2) and formulate our problem as the following 

convex one: 

   (3.7) 

where  and  are slack variables,  is the margin of the scores of 

two consecutive stimulus classes,  is a penalty coefficient used to 

balance the score variance and rank margin, and  is a penalty 

coefficient used to control overfitting on the st and th classes. Here,  

can be solved by the use of Lagrangian multipliers. 

• Obtain : After having obtained , we fix it to find the optimal . The 
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objective function in Eq. (3.2) could be rewritten as: 

   (3.8) 

where . Then, we can formulate the model with respect to 

, which is similar to Eq. (3.7). 

We optimize  and  alternately until the process is converged. When 

testing, we obtain the score of new data by substituting the new feature matrix into the 

learned scoring function. 

3.5 Experiments 

In this section, we demonstrate the effectiveness of the proposed method using 

three experiments. The first experiment demonstrates the training and test of the 

computational model using EEG data. The second and third experiments analyze the 

contributions of different features in frequency and spatial domains, respectively. The 

fourth experiment shows the musicality evaluation of machine-composed music. 

For data pre-processing, the EEG recordings are baseline-corrected for 5 s prior 

to the stimulus presentation and low-pass filtered at 100 Hz. An additional notch filter 

at 50 Hz is applied to suppress power line interference. For each trial, we use the last 

30 s of the recording (Stober et al., 2014), and split it into 1-s-long segments (M. Li & 

Lu, 2009). 

3.5.1 Model training and test  

The first experiment conducts ten-fold cross validation on six classes of stimuli 
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including HCM, PRM with 20% random notes, PRM with 40% random notes, PRM 

with 60% random notes, PRM with 80% random notes, and RNS. Figure 3.4 shows 

the average scoring results of the six stimulus classes at each fold of the ten-fold cross 

validation. As shown in the figure, the scores are correctly ranked with small variance. 

 

Figure 3.4 The test scores in the ten-fold cross validation. 

3.5.2 Frequency feature analysis 

In the second experiment, we first analyze the contributions of direct current (DC), 

Delta band (0–4 Hz), Theta band (4–8 Hz), Alpha band (8–12 Hz), Beta band (12–30 

Hz), and Gamma band (>30 Hz) in the musicality scoring on the six classes of stimuli. 

Figure 3.5 shows the results. In the five frequency bands (from Delta to Gamma), 

Gamma band provides the most reasonable scores, which indicates the importance of 

Gamma band during music listening. This result is consistent with existing findings. 

In (Y.-P. Lin et al., 2010), several emotion-related EEG features have been found in 

the Gamma band during music listening. References (Bhattacharya, Petsche, & Pereda, 
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increases in Gamma phase coherence while listening to music. Besides, unlike these 

works, we take the DC component into consideration. We note that, compared with 

the five frequency bands, the contribution of the DC component is more significant. 

Findings in neuroscience indicate that DC-EEG reflect the cortical activation patterns 

(Altenmüller et al., 2002) (Speckmann, 1993). Moreover, it has been reported that DC-

EEG is related to musical training (Bangert & Altenmüller, 2003). The result in our 

study suggests that the DC-EEG reflects the brain activities corresponding to the 

stimuli with different levels of musicality. 

 

 

Figure 3.5 The test scores with different frequency bands. 
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channels. Firstly, the 128 channels are ranked based on their contributions (Y. Liu, Liu, 

Zhao, et al., 2015). At the first iteration, we start with the highest ranked channel. Then, 

at each following iteration, the next highest ranked channel is added to the working 

set. In Figure 3.6, we provide the scoring effects with different numbers of EEG 

channels. From this figure we can see if the number of channels is limited, the scores 

are disordered. When the number of channels is greater than 50, the scores are ranked 

in the order of musicality of the six stimulus classes. But for each stimulus class, the 

scores are still not stable until all channels are used. Although in our preliminary 

experiments good classification performance could be obtained by using few channels, 

to quantitatively evaluate the musicality, much more channels are needed. This is 

consistent with the findings in neuroscience. Analysis of the EEG during music 

perception indicates simultaneous and homogeneous activity in the multiple cortical 

regions (Andrade & Bhattacharya, 2003) (Y.-P. Lin et al., 2010) (Altenmüller, 2001) 

also suggests there are widely distributed neural networks that are related to music 

processing in both hemispheres of the brain. 

 

Figure 3.6 The test scores with different numbers of channels. 
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3.5.4 Musicality evaluation for machine-composed music 

The fourth experiment shows the musicality evaluation results of machine-

composed music (MCM) generated by rule-based method (Cope, 1992), Markov 

model (Van Der Merwe & Schulze, 2011), and deep learning model by Google’s 

Magenta (Waite et al., 2016) respectively. We use the EEG data corresponding to HCM, 

PRM, and RNS to train the model, and test it on the EEG data corresponding to MCM. 

Table 3.1 shows the average scores of these composing algorithms. From these results, 

we can find that the rule-based method by Cope (using recombination) obtains the 

highest score, which is nearly 0.8. The score of the work composed by Markov model 

is relatively low. As a novel learning-based music generation project, the deep learning 

model also shows good performance. 

Table 3.1 Scores of machine-composed music 

Method 
Rule-based 

(Cope, 1992) 

Markov model 
(Van Der Merwe & 

Schulze, 2011) 

Deep learning 
(Waite et al., 2016) 

Score 0.7911 0.4956 0.7062 

 

Here, we provide intuitive explanation of the scoring results based on the 

discussion of composition algorithms. As argued in (Van Der Merwe & Schulze, 2011), 

music composed by Markov model does not have an “overhanging” structure, 

including phrases and their ordering, which is easily noticeable. This may be an 

important reason for its low score. In rule-based method (Cope, 1992), a lot of musical 

information (including strutural information from human-composed music) which 

signifies music style is retained in the recombination procedure. This could explain its 
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good performance. However, as reported by Cope (Cope, 1987), this kind of 

recombination requires extensive musical analysis by the user. By contrast, without 

integrating much musical knowledge in the model, deep learning (Waite et al., 2016) 

obtains a relatively good score, which shows its great potential to be widely applicable. 

3.6 Summary 

This is the first work that evaluates musicality of machine-composed music by 

analyzing brain wave of the audience. Firstly, we propose a novel psychological 

paradigm to acquire the electroencephalography data of subjects. The stimuli listened 

to by the subjects is composed by a set of specifically designed auditory stimulus with 

different extent of musicality. Secondly, we provide a novel computational model to 

grade the musicality of an auditory stimulus. We formulate the grading task as an 

optimization problem constrained by a set of ranking relations. Thirdly, we design a 

set of experiments, including statistic ones and neuroscience demonstrations, to show 

the credibility of the proposed evaluation method. Besides, we report a new finding of 

brain activity during music listening. In the future, we will test the musicality of the 

generated music of the MNGANs proposed in Chapter 2 by a larger number of subjects. 

Equation Chapter (Next) Section 1 
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 Multi-Label Music Emotions 

via Quantum Convolutional Neural 

Network 

4.1 Overview  

Music can convey and evoke powerful emotions. But it is very challenging to 

recognize the music emotions accurately by computational models. The difficulty of 

the problem can exponentially increase when the music segments delivery multiple 

and complex emotions. This chapter proposes a novel quantum convolutional neural 

network (QCNN) to learn music emotions. Inheriting the distinguished abstraction 

ability from deep learning, QCNN automatically extracts the music features that 

benefit emotion classification. In this chapter, we utilize measurement postulate to 

simulate the human emotion awareness in music appreciation. Statistical experiments 

on the standard dataset shows that QCNN outperforms the classical algorithms as well 

as the state-of-the-art in the task of music emotion classification. Moreover, we 

provide demonstration experiment to explain the good performance of the proposed 

technique from the perspective of physics and psychology. (G. Chen et al., 2017) 

4.2 Background and Motivation 

No matter what style of music may interest you, the ability of arousing powerful 

emotions might be an important reason behind most people’s engagement with music 
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(Juslin & Västfjäll, 2008) (Zentner et al., 2008). Such an amazing ability of music has 

fascinated not only the general public but also the researchers from different fields 

throughout the ages (Eerola & Vuoskoski, 2010). 

As defined in Drever’s psychology dictionary (Drever, 1952), emotion is “a 

mental state of excitement or perturbation, marked by a strong feeling, and usually an 

impulse towards a definite form of behavior”. Ekman presented a classical categorical 

model of emotions based on the human facial expressions, which divides emotions 

into six basic classes: anger, happiness, surprise, disgust, sadness, and fear (Ekman, 

1984). 

For music emotions, psychologists proposed several models specifically. A 

hierarchical model called Geneva emotional music scale (GEMS-45) is designed by 

professionals, which includes 40 labels such as moved, and heroic (Zentner et al., 

2008). Turnbull et al. collected a number of user-generated annotations that describe 

500 Western popular music tracks, and generated 18 easily understood emotion labels 

such as calming, and arousing (Turnbull, Barrington, Torres, & Lanckriet, 2008). 

Unlike the categorical models that represent the musical emotions using a number of 

classes, another kind of emotion models, called dimensional models, describe the 

emotions in a Cartesian space with valence and arousal (V-A space) as two dimensions. 

Here valence means how positive or negative the affect appraisal is and arousal means 

how high or low the physiological reaction is (Russell, 1980) (Thayer, 1990). For 

instance, happiness is an emotion of positive valence and high arousal, while calm is 

an emotion of positive valence and low arousal. 

It has taken on increasing interests to automate music emotion analysis using 

computational approaches (Lu, Liu, & Zhang, 2006) (Y.-H. Yang et al., 2008). 
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Considering that one music segment often delivers multiple emotions, Li and Ogihara 

formulated the music emotion detection as a multi-label classification problem and 

decomposed it into a set of binary classification problems (T. Li & Ogihara, 2004). 

Wu et al. proposed a multi-label multi-layer multi-instance multiview learning scheme 

for music emotion recognition (Wu, Zhong, Horner, & Yang, 2014). To discover the 

nature between music features and human’s emotion, multi-label dimensionality 

reduction techniques are introduced and improved the classification accuracy further 

(Panagakis & Kotropoulos, 2011) (Y. Liu, Liu, Zhao, et al., 2015). Chen et al. proposed 

an adaption method for personalized emotion recognition in V-A space (Y.-A. Chen, 

Wang, Yang, & Chen, 2014). Weninger et al. utilized in deep recurrent neural networks 

for mood regression in V-A space (Weninger, Eyben, & Schuller, 2014). 

In summary, most computational models on music emotion analysis utilize 

artificial intelligence techniques and have achieved good progress in some real world 

applications, such as music recommendation (X. Wang et al., 2012) and music video 

generation (J.-C. Lin et al., 2016). However, it is very challenging to recognize the 

music emotions accurately when the music segment delivers multiple and complex 

emotions. One reason is that these classical artificial intelligence techniques are 

mainly designed to simulate human’s rational thinking and decision making while 

emotion response is sentimental and spontaneous. Hence, in this chapter we raise a 

question in the suitability of applying artificial intelligence models to affective 

computing when most existing models are initially designed for logical reasoning. To 

address this problem, we want to try a new kind of technology based on quantum 

theory, which can provide significant cognitive implication in emotion modeling. In 

this chapter, we propose a novel quantum convolutional neural network for music 
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emotion analysis. We validate the proposed algorithm on a standard dataset 

CAL500exp (S.-Y. Wang, Wang, Yang, & Wang, 2014). 

4.3 Related Work on Quantum Information 

Quantum information is the study of the information processing tasks that can be 

accomplished using quantum mechanics, which is a mathematical framework or set of 

rules for the construction of physical theories. The rules of quantum mechanics are 

simple, but some of them are counter-intuitive. For example, measurement changes 

the state of a qubit, is one of the fundamental postulates of quantum mechanics. 

Mathematically, a qubit can be completely described by a state vector called ket . 

In quantum theory, a qubit can be in a superposition state. For example,  

indicates the qubit is in a superposition both  and  under = 1. 

When a qubit is being measured, the superposition state will collapse into one of the 

base states either  or  with certain probability. 

Quantum theory has been widely used in information theory since 2004. A 

pioneering work proposed the quantum language to describe objects and processes 

(Van Rijsbergen, 2004). Following this pioneering work, the quantum probability 

ranking principle (QPRP) was proposed to rank interdependent documents based on 

the quantum interference (Zuccon & Azzopardi, 2010). Inspired by the photon 

polarization, a quantum measurement inspired ranking model (QMR) was introduced 

(Zhao, Zhang, Song, & Hou, 2011). Zhu et al. proposed a non-parametric quantum 

theory to rank images (Zhu, Wang, & Liu, 2012). Later, a quantum language model 

(QLM) was proposed to model term dependencies based on the quantum theory and 

|α 〉

a | 0〉+ b |1〉

| 0〉 |1〉 | a |2 + | b |2

| 0〉 |1〉
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outperformed the conventional IR model (Sordoni, Nie, & Bengio, 2013). Xie et al. 

has successfully modeled quantum entanglements in quantum language models and 

improved the performance of re-ranking tasks (Xie et al., 2015). A recent work in 

quantum cognition indicated a new theoretical approach to psychology (Bruza, Wang, 

& Busemeyer, 2015). 

4.4 Proposed Method 

4.4.1 Rationale 

The proposed technique utilizes the measurement postulate to simulate the 

emotion awareness in music appreciation. The ability of a qubit to be in a superposition 

state runs counter to our common sense understanding of the physical world. However, 

quantum theory is much natural to describe the emotion response, and sometime even 

better than using classical physical language. A kind of emotion, for example, 

happiness can be defined in a continuum of states between  and 

. When that emotion is observed consciously, just like filling the 

questionnaire, the superposition collapses into either happy or non-happy 

probabilistically. It is supported by the psychology that the observation of emotion 

state has influence on the emotion. We simulate the measurement postulate in the 

music emotion analysis as supervised learning part. 

Note that the superposition of emotion states is different from mixture of emotion 

states. For example, one music segment may evoke both happy and sad emotions, 

although they are always considered as the opposite emotions. More general case is 

that one music segment conveys cheerful, pleasant, light, and touching simultaneously. 

| happy〉

| non-happy〉
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Considering the complexity of the emotions, we formulate the music emotion analysis 

as a multi-label classification problem while each label is represented in a continuum 

of states and collapsed into a determinate state when measured.  

We develop our technique under convolutional neural networks framework 

because of three considerations. First, the multiple-layer filters can simulate the audio 

data perception, which has the good cognition implication. Second, convolutional 

neural networks have demonstrated the good ability of feature extraction and 

abstraction, which is helpful for finding the features that essentially contribute emotion 

evoking. Third, convolutional neural networks have shown good performance in 

multi-label learning problems. In summary, we propose a novel quantum 

convolutional neural network (QCNN) for multi-label classification problem. 

 

Figure 4.1 Illustration of quantum convolutional neural network 

4.4.2 Quantum convolutional neural network 

The framework of the proposed algorithm is shown in Figure 4.1. Given a music 

segment , a second order time-frequency feature  

is generated using the short-time Fourier transform (STFT), where N are the number 
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of training data, T and F are the numbers of sampling points in the time order and 

frequency order, respectively. The corresponding emotion label is denoted as , 

where  defines that  evokes the cth emotion. 

The training set  is input to the CNN with three 

convolutional layers and two pooling operations. The output feature maps can be 

denoted by , where  is the number of feature maps. We 

assume that  is a kind of emotion representation when affective state  is 

expanded in a certain kind of emotion base  as follows: 

   (4.1) 

With the Dirac’s notation, a vector  corresponding to a quantum state can be 

expressed as the ket  and its transpose  is the bra .  denotes a 

set of base kets with J elements in the affective state space. 

Following Sakurai’s formalism (Sakurai & Napolitano, 2011), we give the  

expansion representation for : 

   (4.2) 

We define another set of base kets  with J elements, and multiply Eq. (4.2) 

by the eigenbra  as follows: 

   (4.3) 

In wave mechanics (Bohr & others, 1928),  is usually refered to as the wave 

function for state . The wave function represented by the ψ-function (Bohr & 
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others, 1928) with corresponding expansion is as follows: 

   (4.4) 

We introduce an eigenfunction with eigenvalue : 

   (4.5) 

Intergrating Eq. (4.1) and Eq. (4.5), we rewrite Eq. (4.4) as follows: 

   (4.6) 

For a superposition state , once a measurement occurs, the superposition 

state would collapse into a certain state, which is one of all eigenstates (Sakurai & 

Napolitano, 2011). We define the probability  with which the affective state 

 collapses into the eigenstate  as follows: 

   (4.7) 

We calculate the output label  according to the probability in Eq. (4.7). To 

minimize the difference between output label and the ground truth, we define the 

objective function as follows: 

   (4.8) 

where  is the parameter space of CNN. We learn  and  using stochastic 

gradient descent method. The computational complexity of QCNN is similar to the 

one of CNN. 
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4.5 Experiments 

In this section, we evaluate the performance of the proposed technique on a 

standard music emotion dataset CAL500exp (S.-Y. Wang et al., 2014). This dataset 

has 500 songs with totally eighteen emotions, including: angry/aggressive, 

arousing/awakening, bizarre /weird, calming/smoothing, carefree/lighthearted, 

cheerful/festive, emotional/ passionate, exciting/thrilling, happy, laid-back/mellow, 

light/playful, loving /romantic, pleasant/comfortable, positive/optimistic, 

powerful/strong, sad, tender/ soft, touching/loving. We extract 5580 3-second music 

segments for training and test. For each music segment, we generate a 64×64 time-

frequency matrix as input data using STFT. The emotion ground truth of each music 

segment is represented by an 18-dimensional vector, in which each component 

indicates the existence/non-existence of a specific emotion. 

The time-frequency matrix is input to the CNN with three convolutional layers. 

The first convolutional layer filters the input image with 20 kernels of size 5×5. The 

second convolutional layer takes as input the pooled output of the first convolutional 

layer and filters it with 50 kernels of size 4×4. And the third convolutional layer has 

100 kernels of size 6×6. The CNN is initialized using zero-mean Gaussian distribution 

with standard derivation 0.01. For simplicity, we set the number of eigenfunctions to 

18. 

Two groups of criteria are used to evaluate the performance. In the first group, 

we use the standard label-based metrics, i.e., the precision and F1 score, as the 

evaluation criteria (Y. Liu, Liu, Wang, et al., 2015). Since precision and F1 score are 

originally designed for binary classification, we use macro average and micro average 
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to evaluate the overall performance across multiple labels. For these four criteria, the 

larger the metric value the better the performance. In the second group, we use four 

standard example-based metrics, i.e., average precision, Hamming loss, one-error, and 

ranking loss, as the evaluation criteria (Y. Liu, Liu, Wang, et al., 2015). For average 

precision, the larger the metric value the better the performance. For Hamming loss, 

one-error, and ranking loss, the smaller the metric value the better the performance. 

For both groups, we perform 10-fold cross validation. 

We demonstrate the effectiveness of the proposed methods by comparing it with 

four representative solutions for multi-label problem, including rank-support vector 

machine (Rank-SVM) (Elisseeff & Weston, 2001), backpropagation for multi-label 

learning (BP-MLL) (M.-L. Zhang & Zhou, 2006), multi-label convolutional neural 

networks (ML-CNN), and multi-emotion similarity preserving embedding (ME-SPE) 

with kNN classifier (Y. Liu, Liu, Zhao, et al., 2015). As shown in Table 4.1 and Table 

4.2, ML-CNN and QCNN show much better performance under most cases. QCNN 

always performs better and stably compared with ML-CNN. 

Table 4.1 Performance evaluation on CAL500exp dataset using label-based metrics 

Methods 
Macro average Micro average 

Precision F1 score Precision F1 score 

Rank-SVM 0.572 0.534 0.569 0.544 

BP-MLL 0.551 0.504 0.544 0.548 

ML-CNN 0.650 0.628 0.639 0.610 

ME-SPE 0.513 0.555 0.580 0.534 

QCNN 0.672 0.640 0.664 0.631 
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Table 4.2 Performance evaluation on CAL500exp dataset using example-based 
metrics 

Methods Average 
precision Hamming loss One-error Ranking loss 

Rank-SVM 0.573 0.408 0.343 0.300 

BP-MLL 0.560 0.425 0.440 0.355 

ML-CNN 0.650 0.277 0.290 0.248 

ME-SPE 0.638 0.225 0.294 0.251 

QCNN 0.687 0.257 0.281 0.246 

 

To provide the more intuitive impression of quantum information processing, we 

visualize the eigenfunctions corresponding to the determination of the emotion state 

in Figure 4.2. More bright components indicate more features are used. For some 

simple emotions, such as emotional/passionate, one component is enough to determine 

its existence. But for calming/soothing, three components have involved in the 

emotion determination. We can compare the eigenfunctions of loving/romantic and 

loving/touching. Although both of them deliver loving emotion, the label romantic is 

more complex than the label touching, hence, more components involve in the emotion 

determination for loving/romantic. 
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Figure 4.2 Visualization of eigenfunctions. 
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4.6 Summary 

In this chapter, we focus on the milti-label music emotion classification based on 

audio data. This is the first work that utilizes quantum theory to analyze music 

emotions under convolutional neural networks. Specifically, a novel quantum 

convolutional neural network is proposed for multi-label classification. We validate 

the proposed algorithm on a standard dataset CAL500exp. The proposed technique not 

only demonstrates good performance on standard dataset but also provides some 

interesting observations from physics and psychology. We will explore the new 

approach to improve the performance of quantum convolutional neural networks. 

Especially, we will perform the music emotion classification directly based on the 

wave functions. 

Equation Chapter (Next) Section 1 
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 Electroencephalography-Based 

Single-Trial Music Emotion Classification 

via Resting-State Alignment 

5.1 Overview  

The song you listened to minutes ago influences your current emotions. In 

psychological paradigm of multi-trial music listening, this phenomenon is defined as 

inter-trial effect, which influences the accuracy of recognizing the emotions evoked 

by specific music excerpt. To address this problem, we propose a new single-trial 

psychological paradigm supported by a novel computational model. Although single-

trial design can avoid inter-trial contamination, insufficient training data with large 

inter-subject variance is a big challenge. We propose a novel algorithm named resting-

state alignment that projects the training data to a new space, aiming at minimizing 

the variance of resting-state data from different subjects. By jointly optimizing the 

intra-class variance and inter-class distance simultaneously, the testing-state algorithm 

generates a low-dimensional feature space, which demos impressive accuracy 

improvement for different classifiers. 

5.2 Background and Motivation 

In this chapter, we focus on the music emotion recognition using the EEG. For 

the research of music and emotion, EEG-based techniques have some unique 
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advantages:  

• EEG data analysis provides objective measurement of emotions evoked by 

music. Compared with questionnaire survey, a widely used approach for 

emotion recognition in psychology, EEG-based methods avoid the 

information distortion when subjects are required to use language describing 

the mental state. Moreover, the potential and implicit human emotions can be 

deftly picked and recorded in the form of brain signals;  

• EEG provides real-time recordings of emotion state. In most survey-based 

methods, participants of the questionnaires indicate their emotions after the 

music appreciation, which means the feedback from the subject is the overall 

impression based on the memory. Some perspicacious researchers have 

realized this limitation and developed the software to collect the 

instantaneous feedback from the subjects (Soleymani, Caro, Schmidt, Sha, & 

Yang, 2013). However, the frequent reporting of the emotion state may 

disturb the music appreciation, and further influence the emotion response. 

For the EEG-based method, subject can focus on the music appreciation and 

the brain signal is recorded in milliseconds;  

• EEG-based methods can provide neuroscience observations. EEG recordings 

reflect the voltage fluctuations resulting from neurons communication over 

multiple brain areas in a high temporal resolution. Various numerical analyses 

can be applied to mining the frequency and spatial patterns underlying the 

EEG data, which is helpful to understand and explain the computational 

results. 
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Figure 5.1 A typical experimental paradigm of multi-trial music listening. Inter-trial 
effect exists between different trials. The musical stimuli used in different trials 

could be same or different. For each subject, different trials may use musical stimuli 
of the same or different emotions. For different subjects, the musical stimuli may 

have or have no overlap. 

Figure 5.1 shows a typical EEG experiment paradigm of emotion classification 

in music listening. For each subject, the music excerpts of different emotions are 

played for different trials. Each trial starts with the silent rest followed by a music 

excerpt. EEG signals are recorded from the scalp during the procedure. The advantage 

of multi-trial paradigm is that more data can be collected in one experiment. With 

sufficient training data, the classifier can achieve better performance. However, there 

exits potential problem if multi-trial paradigm is applied to the task of emotion 

classification. The emotion evoked by music cannot be cleared completely for a short 

silent rest, which is generally set to 15 seconds to 60 seconds in most existing works 

(Soleymani et al., 2013). Kreutz et al. reported that significant influence on emotion 

could be found even 60 minutes after listening to music composed by Mozart (Kreutz, 
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Bongard, Rohrmann, Hodapp, & Grebe, 2004). 

A straightforward way to address the problem of inter-trial effect is using single 

trial for one subject in one experiment. Obviously, the single-trial paradigm results in 

less training data, which further influences the classification accuracy. In this chapter, 

we proposes to improve the quality of training data by a novel resting-state alignment 

for EEG signals. With aligned training data, the accuracy of emotion classification has 

been increased with even shallow classifier, such as support vector machine (SVM). 

Moreover, the features of aligned data provide some interesting observations for 

neuroscience. 

In this chapter, we will provide a preliminary study of inter-trial effect in multi-

trial experiment paradigm. Then, we present the single-trial paradigm and the 

proposed computational model with resting-state alignment algorithm. The empirical 

experiments validate the effectiveness of our method. Corresponding discussions have 

also been provided. 

5.3 Preliminary Study 

In this section, we firstly design a preliminary experiment to show the inter-trial 

effect, the music listened in the previous trial influencing the following trials visually. 

Then we state the difficulty of eliminating inter-trial effect by computational methods 

and the necessity of introducing single trial in our experiment. 

5.3.1 Preliminary experiment 

To explore the inter-trial effect on emotion classification in music listening, we 

design an experimental paradigm to observe the contamination caused by the music 
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played in the previous trial. A right-handed, 25-year old, female subject participates 

the experiment. As shown in Figure 5.2, the experiment consists of two sessions. In 

the first session, the subject starts with 60 seconds silent rest and then listens to music 

A with sad emotion for 60 seconds. After three hours, the subject participates the 

second session, which contains two trials. The first trial starts with 60 second silence 

and then plays music B with happy emotion. The second trial starts with 60 second 

silence and then plays music A with sad emotion. The EEG is recorded and transferred 

to the frequency domain after experiment. 

 

 

Figure 5.2 Procedure of the preliminary study. 
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Figure 5.3 shows 128-channel frequency spectrums of three silent rests and three 

music listening parts. Figure 5.3 (a) and Figure 5.3 (b) demo the EEG-data in 

frequency domain when listening to the sad music in the first session and listening to 

the happy music in the second session respectively. Figure 5.3 (c) shows the EEG-data 

when listening to the sad music again in the second session. Although Figure 5.3 (a) 

and Figure 5.3 (c) are the EEG data for the same subject listening to the same music, 

the similarity between them is not obviously better than the similarity between the 

Figure 5.3 (b) and Figure 5.3 (c), which are expected to demo very different emotions. 

The EEG data in silent rests may provide more information for explaining the 

experimental results. Figure 5.3 (d) shows the EEG data of silent rest in the first 

session, which is similar with Figure 5.3 (e), the silent rest in the second session. 

Figure 5.3 (f) shows EEG data in silent rest between the music of happy emotion and 

sad emotion. The frequency spectrum of Figure 5.3 (f) is very different with the 

previous two frequency spectrums, shown in Figure 5.3 (d) and Figure 5.3 (e). More 

interesting, the similarity between Figure 5.3 (b) and Figure 5.3 (f) is much higher 

than the similarity between Figure 5.3 (e) and Figure 5.3 (f) that both are silent rests 

in the second session. Intuitively, we raise the hypothesis that the influence of happy 

music (see Figure 5.3 (b)) lasts on the subject after the music listening (see Figure 5.3 

(f)), hence, the emotions shown in Figure 5.3 (c) are influenced by both sad music (see 

Figure 5.3 (a)) and happy music (see Figure 5.3 (b)). 

5.3.2 Inter-trial effect elimination 

For more accurate multi-trial emotion classification in music listening, we study 

the possibility of eliminating the contamination caused by inter-trial effect. Figure 5.2 
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is the simplest case of inter-trial effect. Only two music excerpts with opposite 

emotions. For the second trial in second session, the emotion is influenced by both the 

listening of music A and music B, with equal or unequal contributions.  

Figure 5.1 shows more general situation in multi-trial paradigm. N music excerpts 

are displayed with N silent rests. The emotions evoked by the music excerpts have C 

categories. Some emotions are similar/dissimilar in the arousal dimension or/and some 

emotions are similar/dissimilar in the valences dimension. The complex of inter-trial 

effect increases dramatically with the number of the trials in one experiment. In 

summary, it is very challenging to eliminate the inter-trial contamination using 

computational model. 

Although the preliminary study has shown some interesting findings, the 

experimental design is rough, for example, some possible reasons resulting in the 

changing of the frequency spectrum have not been controlled strictly. Hence, in the 

following part, we target to provide deep study of this problem. A new psychological 

paradigm by using only one trial is proposed to avoid inter-trial contamination. 

5.4 Proposed Method 

In this section, we firstly describe our paradign design with single-trial music 

listening. Then, we present the corresponding computational model named resting-

state alignment. 

5.4.1 Paradigm design 

For the paradigm design, we describe the subjects, stimuli and procedure, 

respectively. In the paradigm, we employ the between-subjects design, which is widely 
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used in medical and psychology research. Subjects are divided into four groups and 

different groups listen to songs of different emotion classes. 

Subjects. Seventy-three subjects (mean age = 22.09, 27 females, all right-handed) 

participate in the study. None of the subjects reports neurological or hearing 

dysfunctions. Informed consent is obtained for experiment from the subjects. 

To screen the subjects, we conduct a pre-trial survey. In the pre-trial survey, every 

subject is asked to report whether he/she has received professional musical training. 

Considering that people with professional musical training is different with normal 

people on music processing (Schmithorst & Holland, 2003), we only remain the 

subjects reporting no professional musical training so that the recorded EEG data can 

better represent the brain response of normal population. 

Stimuli. Songs of four emotion classes are selected by three musicians as stimuli. 

The four emotion classes include happiness, fear, sadness and peacefulness. Each song 

is labeled by one of the four emotion classes. To obtain reliable emotion labels, we use 

the song in our study only if the emotion labels given by the three musicians are 

consistent. To avoid the affective influence caused by language understanding rather 

than music, we only select instrumental songs without lyrics or singing. 

To screen the stimuli, we conduct a post-trial survey. Every subject is asked to 

label the emotion class of the song he/she just listened to. A brief introduction to the 

meaning of different emotion labels is provided to them on the questionnaire. For each 

song, we compare the emotion label given by the musicians with the one given by the 

subject. We only remain the EEG data corresponding to the songs that get same 

emotion labels from the musicians and subjects. The aim of this screening is to confirm 

the emotion label is reliable and widely accepted by both of the professional and non-



78 

professional populations. 

Procedure. After the pre-trial survey, we screen the subjects and randomly divide 

the remaining subjects into four groups corresponding to the four emotion classes. 

Subjects are seated in a comfortable chair in a sound-shielded room and are instructed 

to keep eyes closed during EEG recording. There are two trials for each subject, and 

each trial is consisted of a 3-minute resting period and a 3-minute music listening 

period. Note that the second trial is set only for a performance comparison. For our 

method, just the first trial is needed. The music stimuli of four emotion classes are 

randomly assigned to different subjects and trials. After the EEG recording, subjects 

are instructed to complete the post-trial survey. Based on its result, we further screen 

the stimuli and finally EEG data from 60 subjects are remained. 

EEG data are recorded from 128 electrodes using an EGI HydroCel high-density 

EEG system (Electrical Geodesics, Inc., Eugene, OR). Data are sampled at 250 Hz. 

Following the recommendation by Schupp et al. (Schupp, Junghöfer, Weike, & Hamm, 

2004), electrode impedances are kept below 50 kΩ to ensure an optimal signal-to-

noise ratio. 

5.4.2 Resting-state alignment 

In this part, we describe our proposed computational model named resting-state 

alignment. Linear transformation is used to project the input EEG data into a new 

space where the resting-state EEG data are aligned and different emotions are 

separated. The information flow of our method is given in Figure 5.4. 
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Pre-processing of EEG. Before the resting-state alignment, we first transform 

the EEG data from each electrode into frequency domain using fast Fourier transform 

(FFT). Following most of works on EEG data analysis, we compute the power of five 

major frequency components based on the spectrum, namely, Delta band (<4 Hz), 

Theta band (4~8 Hz), Alpha band (8~12 Hz), Beta band (12~30 Hz), and Gamma band 

(>30 Hz). We use the EEG power of different electrode locations and frequency bands 

as the input features. Accordingly, we form the input feature vector , where 

the dimension is , H is the number of EEG electrodes and F is the number 

of frequency bands. 

Problem formulation. Let  be the training data set 

corresponding to music listening period, where subscript c denotes the emotion class 

index. The EEG data of emotion class c is represented by matrix  as follows: 

   (5.1) 

where N denotes the original input feature dimension and  denotes the number of 

data points in class c. For the class c, we have , where  is the number 

of subjects listen to music class c, and K is the number of data points obtained from 

each subject. 

Similar to ,  is used to denote the training data acquired from the resting-

state and is given as follows: 

   (5.2) 

where  is the number of all training data points,  is the number 

of all subjects in training, and T is the number of resting-state EEG data points we 

x ∈!N×1

N = H ⋅F

Xc{ },(c = 1,…,C)

Xc

Xc = xc,1,xc,2 ,…,xc,Mc⎡⎣ ⎤⎦ ∈!
N×Mc ,

Mc

Mc = Sc ⋅K Sc

Xc Xr

Xr = x1,x2 ,…,x L⎡⎣ ⎤⎦ ∈!
N×L ,

L = S ⋅T S = Sc
c=1

C

∑
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acquire from each subject. 

Next, we describe our three optimization objectives:  

• Objective 1: Minimize variance in resting-state. We aim to find a projection 

of , which is optimal for aligning all subjects' resting-state EEG data in 

the new space. In other words, our main objective is to minimize the variance 

of resting-state data for all subjects after projection. This optimization 

objective can be written as follows: 

   (5.3) 

where  is the projection matrix, and  is the resting-

state covariance matrix given by: 

   (5.4) 

   (5.5) 

• Objective 2: Minimize variance for the same emotion class. To recognize the 

pattern of different emotions evoked by music, the similarity of EEG data 

corresponding to the same emotion class should also be found. This 

optimization objective can be formulated as follows: 

   (5.6) 

where  is the within-class covariance matrix that describes the sum of 

scatter for data in each emotion class. It is given as follows: 

   (5.7) 

Xr

min
W

 Q(W) = tr WTR rW( ),

W∈!N×D R r ∈!N×N

R r =
1
L

x l − µ( )
l=1

L

∑ x l − µ( )T .

µ = 1
L

x l
l=1

L

∑

min
W

 U (W) = tr WTRwW( ),

Rw

Rw =
1
M

xc,mc − θc( )
mc=1

Mc

∑
c=1

C

∑ xc,mc − θc( )T ,
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   (5.8) 

where  is the total number of data points acquired during music 

listening, and  is the mean of all data points in class c. 

• Objective 3: Maximize distances between different emotions. For the EEG of 

music listening, we aim to find the difference between the data corresponding 

to different emotion classes. To this end, we firstly consider the total 

covariance matrix as follows: 

   (5.9) 

   (5.10) 

where  is the mean of total data set acquired during music listening. This 

total covariance matrix  describes the scatter of data for all emotion 

classes. It can be decomposed into the sum of the within-class covariance 

matrix and a between-class covariance matrix  as follows: 

   (5.11) 

By substituting Eq. (5.7) and Eq. (5.9) into Eq. (5.11), we obtain the 

between-class covariance matrix as follows: 

   (5.12) 

Based on , we can formulate the third objective as follows: 

   (5.13) 

θc =
1
Mc

xc,mc
mc=1

Mc

∑ ,

M = Mc
c=1

C

∑

θc

R t =
1
M

xc,mc − θ( )
mc=1

Mc

∑
c=1

C

∑ xc,mc − θ( )T ,

θ = 1
M

xc,mc
mc=1

Mc

∑
c=1

C

∑ ,

θ

R t

Rb

R t = Rw +Rb.

Rb =
1
M

Mc
c=1

C

∑ θc − θ( ) θc − θ( )T .

Rb

max
W

 V (W) = tr WTRbW( ).
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Joint optimization. Now we have obtained three objective functions in Eq. (3), 

Eq. (5.3), Eq. (5.6), and Eq. (5.13), respectively. Eq. (5.3) is to align the resting-

state data so that the new space reflects the affective influence of music. Although Eq. 

(5.6) and Eq. (5.13) can be used to separate the emotion classes, the solution is 

effective and reliable only if the resting-state data are well aligned by Eq. (5.3). To 

make the problem solvable, based on Eq. (5.3), Eq. (5.6), and Eq. (5.13), we 

reformulate the objective function  as follows: 

   (5.14) 

where  is a coefficient to balance the resting-state alignment and emotion 

classification. Usually we set  since we treat the resting-state alignment as an 

objective with higher priority. 

The optimization problem in Eq. (5.14) can be solved by eigen-value 

decomposition. Singular value decomposition (SVD) is recommended to compute the 

eigenvalue decomposition. Refer to (Swets & Weng, 1996) for details of eigenvalue 

decomposition. 

5.5 Experiments 

In this section, we demonstrate the effectiveness of the proposed method with a 

series of experiments. We firstly describe the experiment setting. Then, we provide 

performance comparison with/without alignment, validate the effectiveness of resting-

state alignment algorithm, and compare the classification performance of single-trial 

setting with that of multi-trial setting. Finally, we provide some discussions from the 

J (W)

max
W

  J (W) =
tr wTRbW( )

tr WT Rw + λR r( )W( ) ,

λ

λ >1
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perpective of neurosicence. 

5.5.1 Experiment setting 

Data pre-processing. For each trial, we use the last 2 minutes of the recording 

(Stober et al., 2014). Then we split the signals into 1-s-long segments without overlap. 

This segment length is determined according to the conclusion in (M. Li & Lu, 2009) 

that 1-s-long EEG signals are enough to classify emotions. The raw EEG signals are 

band-pass filtered between 0.1 Hz and 100 Hz. An additional notch filter at 50 Hz is 

applied to suppress the power line interference. After that, we transform the EEG data 

from each electrode into frequency domain using fast Fourier transform (FFT). 

Following most of works on EEG data analysis, we compute the power of five major 

frequency components based on the spectrum, namely, Delta band (<4 Hz), Theta band 

(4~8 Hz), Alpha band (8~12 Hz), Beta band (12~30 Hz), and Gamma band (>30 Hz). 

For each EEG segment, we stack the power values of 128 electrodes and 5 frequency 

bands into a feature vector of dimension 640×1. 

Data labeling. We perform emotion classifications based on four-class 

classification setting. We label the data points according to the four emotion classes 

including happiness, sadness, fear, and peacefulness. 

Classifier. We use neural network (NN) in structure of multi-layer perceptron 

with one hidden lay, and support vector machine (SVM) with linear, polynomial, and 

radial basis function (RBF) kernels as classifiers. 

Performance evaluation. We use ten-fold cross-validation and leave-one-

subject-out cross-validation to evaluate the performance. In the ten-fold cross-

validation, the EEG data from 60 subjects are partitioned into ten groups randomly. In 
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each turn, nine groups are used as the training data and the rest group is used as the 

testing data. The classification accuracy is calculated by the mean of the ten times. In 

the leave-one-subject-out, EEG data from 59 subjects are used as the training data and 

the EEG data from the rest subject are used as the testing data. The classification 

accuracy is calculated by the mean of the 60 subjects. 

 

 

Figure 5.5 Classification accuracies before and after resting-state alignment. 

 

5.5.2 Improvement of classification accuracy 

Figure 5.5 compares the classification accuracy with/without resting-state 

alignment on two representative classifier, SVM and NN. SVM uses polynomial 

kernel with/without alignment. NN uses multi-layer perceptron with one hidden layer. 
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Without alignment, the number of hidden nodes is set to 64 while with alignment, the 

number of hidden nodes is set to 8. Before alignment, the original feature space has 

640 dimensions and after alignment, 20-dimensional feature space has been 

constructed. 

In general, the performance of leave-one-subject-out is not as good as the 

performance of ten-fold cross validation due to the inter-subject variance. In Figure 

5.5, classification accuracy has been largely improved with the resting-state alignment. 

Without alignment, NN shows very poor performance in both leave-one-subject-out 

and ten-fold cross-validation because only about 7000 training data have been 

provided for the neural networks with 640 input nodes, 64 hidden nodes and 4 outputs 

nodes. After alignment, the performance of NN has significant improvement. For the 

leave-one-subject-out, the classification accuracy is nearly 0.8. SVM has much better 

tolerance for small training dataset. After alignment, the classification accuracy in ten-

fold cross validation is nearly 0.92. 

5.5.3 Effectiveness of resting-state alignment 

A correct emotion classifier should separate different emotions if and only if 

stimuli of different emotions exist. To validate the effectiveness of resting-state 

alignment, we perform a comparative experiment for the EEG data corresponding to 

both music listening (different emotional stimuli exist) and resting-state (no emotional 

stimuli exists), respectively. 
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Figure 5.6 Four-class classification performance for resting-state (dotted) and music 
listening (diagonal stripes). Both of (a) ten-fold cross validation and (b) leave-one-

subject-out cross validation are performed. For the SVM classifier, we use three 
different kernels: linear, polynomial and RBF. In both of (a) and (b), the 

classification accuracies for music listening are significantly higher than the 
accuracies for resting-state. The results show that the extracted features are separable 

if and only if the different emotional stimuli exist. This indicates the proposed 
method classify different emotions correctly. 

The results are shown in Figure 5.6, where two sub-figures (a) and (b) 

demonstrate classification accuracies of ten-fold cross validation and leave-one-

subject-out cross-validation. In both (a) and (b), the classification accuracies of music 

listening and resting-state are significantly different. The highest accuracy of music 

listening is 0.9176 (Figure 5.6 (a)), which is achieved when ten-fold cross validation 

and polynomial kernel are used. All accuracies for resting-state are around the chance 

level (0.25). Since the only difference between these two periods is the emotional 

stimuli, this result demonstrates that the emotion classification is correct and effective. 
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(Figure 5.6 (b)). Considering that no music listening data of the test subject is used in 

the training, this performance is quite encouraging for the four-class classification, and 

validates the effectiveness of the proposed technique. 

5.5.4 Effectiveness of single-trial design 

In this experiment, we compare the emotion classification per-formance between 

single-trial and multi-trial paradigms. For this comparison, we have set a second trial 

in our EEG data collection procedure. Similar to in the first trial, the musical stimuli 

are randomly assigned to different subjects in the second trial. In addition, for each 

subject, the songs used in first and second trials are different. 

Datasets. Using the EEG data collected from the two trials, we form three 

different datasets. (1) Single-trial dataset: only data of the first trial; (2) Second-trial 

dataset: only data of the second trial; (3) Two-trial dataset: data of the first and second 

trials. 

Evaluation. Similar to the first experiment, here we use classification accuracy 

to evaluate the performance. Besides, to obtain more detailed views on different 

emotions, we compute the F1 score for each of the four classes. Leave-one-subject-

out cross validation is performed. 

Results. The classification results are shown in Table 5.1. The single-trial dataset 

achieves the best accuracy and highest F1 score for all emotion classes. Compared 

with this best accuracy, the accuracy of second trial dataset is significantly lower 

(0.5625), which demonstrates the performance loss caused by inter-trial effect. The 

emotion evoked by musical stimulus in the former trial influences the brain state in 

the second trial. Moreover, for the F1 scores, single-trial outperforms the second-trial 
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on all of the four emotion classes, which indicates that the inter-trial effect may 

influence the brain state no matter what emotion of music the subjects are listening to. 

Table 5.1 Classification performance using different datasets. 

Dataset Accuracy 
F1 score 

(happiness) 

F1 score 

(fear) 

F1 score 

(sadness) 

F1 score 

(peacefulness) 

Single-trial 

dataset 
0.7746 0.7897 0.8489 0.7486 0.8270 

Second trial 

dataset 
0.5625 0.5584 0.6472 0.5842 0.5355 

Two-trial 

dataset 
0.6461 0.5781 0.6661 0.7206 0.6976 

 

The accuracy of single-trial dataset is also higher than that of two-trial dataset 

(0.6461). In many machine learning tasks, more data usually means better 

performance. But our study demonstrates a different result. Compared with the single-

trial dataset, the double size of two-trial dataset does not result in a higher accuracy. 

This suggests that in the EEG-based emotion learning, the performance is closely 

related to data quality. Because of the inter-trial effect, larger dataset size acquired by 

multi-trial paradigm does not necessarily mean better performance, and the single-trial 

paradigm is validated to be effective. 

5.5.5 Discussions 

In this part, we analyze the features in both frequency and spatial domains. With 

the projection matrix W obtained in the first experiment (see subsection 5.5.2, using 

resting-state alignment), we compute the contributions of different input dimensions 
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in the classification. Based on the distributions of contribution, we can obtain 

visualization results for further discussions. 

The contribution of each input dimension is computed in a simple way. For 

frequency domain, we calculate the sum of absolute weights (elements in matrix W) 

corresponding to each frequency band. For spatial domain, we calculate the sum of 

absolute weights corresponding to each electrode. The weights are averaged across all 

subjects. 

 

 

Figure 5.7 Contributions of different frequency components. Some cognitive 
functions/tasks related to the corresponding frequency components are also given. 

Frequency domain. Figure 5.7 shows the contributions of different frequency 

bands. We can see that Gamma bands contribute most in the emotion classification. In 

music perception, the Gamma band activity has long been considered to be the most 

relevant component for rhythm perception. Rhythm plays a key role in the music 

emotion perceiving (Snyder & Large, 2005). An early experimental study by Hevner 
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(Kate Hevner, 1936) evidences that for the same melodies accompanied by different 

rhythm patterns are perceived as different emotions varying from vigorous and 

dignified to dreamy and graceful. Even a simple manipulation in tempo can result in 

significant emotion differences (Scherer & Oshinsky, 1977) (Schellenberg, Krysciak, 

& Campbell, 2000). Hence, our result on the importance of Gamma band is consistent 

with the finding in neuroscience and psychology. Moreover, the result that Gamma 

band is the most contributive frequency component suggests rhythm is of superior 

importance among many musical attributes. Different to most previous studies on 

music emotion (Snyder & Large, 2005) (Gordon, Magne, & Large, 2011) (Zanto, 

Snyder, & Large, 2006) which focus on the phase-locked Gamma band activity, our 

work uses the spectrum power. This suggests that the difference of Gamma band 

activity could be observed in diverse ways not limited to the phase-lock phenomena. 

Study by Li and Lu (M. Li & Lu, 2009) also supports our observation. 

Besides Gamma, Alpha and Delta bands also show high contribution in the 

emotion classification. Alpha band activity usually shows the relaxed state (Lehmann, 

1971). Study by Schaefer et al. (Schaefer, Vlek, & Desain, 2011) and Schmidt and 

Hanslmayr (B. Schmidt & Hanslmayr, 2009) suggest Alpha band activity reflects the 

state of music imagery and music emotion evaluation. But the most relevant study is 

presented by Schmidt and Trainor in (L. A. Schmidt & Trainor, 2001), where the 

valence and intensity of music stimuli can be distinguished based on Alpha band power. 

The Delta band power has also been reported to be related to the positive or negative 

quality of the emotions (Ahern & Schwartz, 1985). 
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Figure 5.8 Six important brain areas contribute to emotion classification in music 
listening. 

Spatial domain. The contributions of different spatial areas are visualized using 

scalp topographic map in Figure 5.8. Usually, we expect to see one or very few 

particular areas in EEG-based machine learning tasks, which provides us with simple 

and clear explanation and conclusion on the brain spatial pattern. However, in Figure 

5.8, there is no one particularly important brain area for the music emotion 

classification. Some highly contributive areas distributed over the whole brain. This is 

consistent with findings and observations in previous neuroscience studies. Analysis 

of the EEG during music perception indicates simultaneous and homogeneous activity 

in multiple cortical regions (Andrade & Bhattacharya, 2003) (Y.-P. Lin et al., 2010). 

Altenmüller also suggests there are widely distributed neural networks that are related 

to music processing in both hemispheres of the brain (Altenmüller, 2001). Our result 

in Figure 5.8 again evidences their conclusions. 

high
contribution
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contribution
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Yet, we can still discuss the important areas by groups from the point of view of 

emotion. Left and right frontal areas are marked in Figure 5.8. The importance of 

frontal lobe in music emotion has been emphasized by Schmidt and Trainor in (L. A. 

Schmidt & Trainor, 2001), where the overall frontal EEG activities decreases when 

the extent of intensity decreases. In their study, the overall frontal EEG activity 

contains the activities in both left and right frontal areas, respectively. This explains 

why both of left and right frontal areas are emphasized by our model. Besides the 

intensity, study in (L. A. Schmidt & Trainor, 2001) indicates an asymmetry 

phenomenon associated with the valence of music. It is found that subjects exhibit 

greater relative left frontal EEG activity to music of positive emotions and greater 

relative right frontal EEG activity to music of negative emotions. This asymmetry is 

also found in our result that left frontal area shows greater contribution than the right 

frontal area. Hence, our results on frontal area are highly consistent with their 

conclusions. 

For the parietal and occipital lobes, the right side shows much higher contribution 

than the left side. Similar asymmetry phenomenon is reported by Lin et al. in (Y.-P. 

Lin et al., 2010), where the asymmetry of parietal lobe is found to be a highly useful 

feature in EEG emotion classification, and that of occipital lobe is also important. ä 

Different with findings in (Y.-P. Lin et al., 2010), left and right temporal areas are 

found to be useful in our study. The temporal lobes are usually considered to be related 

to auditory perception including music processing (Samson, 1999) (Liégeois-Chauvel, 

Peretz, Babaï, Laguitton, & Chauvel, 1998). Note that comparing with the other four 

marked areas, the two temporal areas are larger. A possible explanation is the deep 

location of auditory cortex in the brain, which results in its similar distances to a 
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relatively large scalp area near the temporal lobes. Similar potentials can be received 

in the a relatively large number of electrodes, and they contribute similarly to the 

emotion classification. 

5.6 Summary 

This is the first work focusing on the inter-trial effect problem for emotion 

recognition in music listening. We design the single-trial paradigm with a new 

computational model, which supports EEG data classification with insufficient 

training data with large inter-subject variance. The novel paradigm mainly relies on 

the resting-state, which provides sufficient EEG data to align the data from different 

subjects. A novel testing-state alignment algorithm has been proposed to construct the 

low-dimensional feature space, which targets the good discriminate ability for emotion 

classification and at the same time, invariant to the different subjects. With this 

practical and easy-implemented alignment technique, the representative classifiers 

such as support vector machines and neural networks, have great improvement in 

classification accuracy. 
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 Conclusion and Future Work 

This thesis presents a series of our studies for artificial intelligence in music. 

Specifically, we focus on two aspects closely related to the interaction between human 

and music: composition and emotion. In this chapter, we conclude the proposed works 

in this thesis and discuss the future work. 

6.1 Conclusion 

 

Figure 6.1 The basic relationship between machine and music. 

The remarkable advance of artificial intelligence is bringing new changes to the 

music, and we explore to use the intelligent machine to play the role of real human. In 

Chapter 1, we start this thesis with the motivation of the basic relationship between 

human and music in Figure 1.1. Here, at the end of this thesis, we change Figure 1.1 

into Figure 6.1, where we consider the artificial intelligence in two essential aspects 

again: machine composes music, and machine understands music emotion. In this 

thesis, we explore this kind of new interaction by four works:  

1) A novel algorithmic composition model named musicality-novelty generative 

adversarial nets (MNGANs) for generating both melodious and refreshing music. Two 

adversarial nets share the same generator and alternately optimize the musicality and 

MachineMusic
Algorithmic composition

Emotion understanding
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novelty of the machine-composed music. A new adversarial model named novelty 

game is presented to maximize the minimal distance between the machine-composed 

music samples and any human-composed music samples in a novelty space, where all 

well-known human composed music products are far from each other. We implement 

the proposed framework using supervised convolutional neural networks on the time-

pitch feature space. Empirical validations are provided by generating the music 

samples under various scenarios. The results show both good musicality and novelty 

of the generated music samples.  

2) A novel musicality evaluation approach using electroencephalography for 

algorithmic composition. It is always very challenging to evaluate the quality of 

machine-composed music. Due to the nature of creativity, most existing criteria of 

music analysis cannot be used directly to measure the quality of a machine-composed 

music. In our approach, we design a novel computational model combined with a 

novel psychological paradigm. Utilizing brain imaging techniques, the proposed 

evaluation method can provide reliable musicality score for machine-composed music. 

The experiment results and discussions are provided. The evaluation scores of some 

typical algorithmic composition methods are reported.  

3) A novel emotion recognition model named quantum convolutional neural 

network (QCNN) for multi-label music emotion classification. Inheriting the 

distinguished abstraction ability from deep learning, QCNN automatically extracts the 

music features that benefit emotion classification. Different from most previous works, 

which apply artificial intelligence models initially designed for logical reasoning to 

affective computing, we turn to the quantum information theory and utilize the 

measurement postulate in quantum mechanism to simulate the human emotion 
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awareness in music appreciation. Statistical experiments on the standard dataset shows 

that QCNN outperforms the classical algorithms as well as the state-of-the-art in the 

task of music emotion classification. In addition, we provide demonstration 

experiment to explain the good performance of the proposed technique from the 

perspective of physics and psychology. 

4) A novel electroencephalography-based single-trial music emotion 

classification method to avoid the inter-trial effect problem. The inter-trial effect could 

result in the poor data quality and unreliable emotion label, and would furhter 

influence the accuracy of recognizing the emotions evoked by specific music excerpt. 

We propose a novel algorithm named resting-state alignment that projects the training 

data to a new space, aiming at minimizing the variance of resting-state data from 

different subjects. By jointly optimizing the intra-class variance and inter-class 

distance simultaneously, the testing-state algorithm generates a low-dimensional 

feature space, which demos impressive accuracy improvement for different classifiers. 

The empirical experiments validate the effectiveness of our method. We also provide 

some corresponding discussions. 

6.2 Future Work 

Though we have made some progress in algorithmic composition and music 

emotion analysis, it is far from the end of the road. Many works can be further explored. 

These future works lay in three aspects: algorithmic composition, music emotion 

analysis, and emotion-based algorithmic composition. In this section, we present the 

future works by list. 
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6.2.1 Future work on algorithmic composition 

• In our musicality-novelty generative adversarial nets, the musicality and the 

novelty of the machine-composed music are jointly optimized by sharing the 

same generator, which is updated in musicality game and novelty game in 

turn. The further work can be explored to trying different ways for joint 

optimization.  

• It is not necessary that the musicality critic and the novelty critic of MNGANs 

use the same feature space. The further work can be explored to try different 

feature spaces. 

• For music generation, CNNs are used in our implementation because the 

feature space is second order tensor. With different feature spaces, different 

neural networks can be explored, such as RNNs and LSTM. 

• Beside GANs, other models, such as variational autoencoder (VAE), can be 

explored to study the nature of artistic creation and to simulate the generation 

of different types of music. 

• Supervised manner has been selected as learning method in in our MNGANs. 

In recent year, reinforcement learning has demonstrated very good 

performance in many applications, especially for the tasks that need long-

term learning. Reinforcement manner and the learning method including both 

supervised manner and reinforcement manner can be explored. 

• Theoretically speaking, the proposed framework of MNGANs can support 

the generation of music for different lengths. However, in the practical usage 

of the proposed model for empirical validation, we have noticed that it is 
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difficult to learn both the local structures and global structure of the music if 

the music is longer than several minutes. This is the common challenges faced 

by many researchers in algorithmic composition. It could be promising to 

study the possibility to solve this problem by exploring hierarchical GANs. 

• The proposed framework of MNGANs can support both monophonic and 

polyphonic music generation. The changes of arrangements will bring very 

different experiences of music appreciation even if the main melody is the 

same. The future work may focus on the study of the relationship between 

monophonic music generation and polyphonic music generation under the 

proposed framework. 

• For the electroencephalography-based musicality evaluation, we have 

conducted the experiment with 30 subjetcs. To obtain a more general 

conclusion, experiments with more subjects are needed. 

• We will prepare the electroencephalography-based musicality evaluation for 

our proposed musicality evaluation for our musicality-novelty generative 

adversarial nets. 

• We will combine the rule-based methods and learning-based method together, 

and make use of the advantages from both sides. 

• We will use our previous research results about the music emotion primitives 

to help the algorithmic composition. 

• We will go deeper on the research of music emotion components analysis. 

For example, the analysis on tempo, tone, and instrument, can be set as key 

emotion factors. 
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6.2.2 Future work on music emotion analysis 

• For the quantum convolutional neural network, we have done the task of 

emotion classification. In the future, we can explore to develop novel 

quantum-based regression techniques for music emotion analysis in the V-A 

emotion space.  

• For the emotion analysis based on multi-label emotion model, we will 

consider the label correlation. Currently we treat every component in the label 

vector as independent one. But as indicated by Lo et al. (Lo, Wang, Wang, & 

Lin, 2011), label correction like co-occurrence, is a kind of important 

information. To describe complex music emotion more accurately, we will 

integrate label correlation in data modeling. 

• For the electroencephalography-based music emotion analysis, we will 

expand our current framework to more complex emotions evoked by music, 

such as pride and romance. 

• In our resting-state alignment method, the spatial features are all represented 

in the form of vectors. Future work will consider making use of spatial 

structural information of EEG data for more accurate classification. for 

example, tensor representation with higher order could be employed. 

• We will explore the effects of different cultural backgrounds. For example, 

people of western background may have very different responses when 

listening to eastern music compared to people of eastern background. 
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6.2.3 Future work on emotion-based algorithmic 

composition  

• An interesting topic in the future is to combine the music emotion analysis 

and algorithmic composition. Specifically, a practical aim is to design an 

emotion-based algorithmic composition framework, which can automatically 

generate music with a “target” emotion. For example, by music emotion 

classification, we can firstly select music pieces with our target emotion from 

a large music library. Then, the composition model can be trained using these 

selected pieces to generate new ones that mimic the target emotion.  

• With the emotion-based algorithmic composition, many new applications can 

be developed to make people’s music appreciation experience better. For 

example, a system can be designed to learn the user’s preference on music 

emotion and generate his/her personalized music automatically.  
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