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ABSTRACT 

 

Automated recognition of musical emotion from audio 

signals has received considerable attention recently. To 

construct an accurate model for music emotion prediction, 

the emotion-annotated music corpus has to be of high quality. 

It is desirable to have a large number of songs annotated by 

numerous subjects to characterize the general emotional 

response to a song. Due to the need for personalization of the 

music emotion prediction model to address the subjective 

nature of emotion perception, it is also important to have a 

large number of annotations per subject for training and 

evaluating a personalization method. In this paper, we discuss 

the deficiency of existing datasets and present a new one. The 

new dataset, which is publically available to the research 

community, is composed of 1608 30-second music clips 

annotated by 665 subjects. Furthermore, 46 subjects 

annotated more than 150 songs, making this dataset the 

largest of its kind to date. 

 

Index Terms—Music emotion recognition, personaliza-

tion, crowdsourcing 

 

1. INTRODUCTION 

 

Music emotion recognition (MER) is concerned with the 

development of computational models to predict the 

perceived emotion of music [1], [2]. It has recently received 

considerable attention, as it has the potential to break new 

ground for intelligent, human-centric access of music content 

[3]. Most existing work on MER adopts supervised machine 

learning to train models for music emotion prediction using 

emotion labels of a number of songs provided by listeners [1]. 

To develop and evaluate MER models, a dataset 

containing sufficient emotion labels is required. Specifically, 

the dataset should be large in the number of songs, subjects, 

and annotations per subject. A large number of emotion 

annotations of songs are often required for machine learning 

to produce accurate emotion prediction models [4]. 

Furthermore, each song needs to be annotated by a large 

number of subjects so that the general emotional responses to 

the song can be obtained [5], [6]. Finally, a large number of 

annotations per subject are needed for developing 

personalization methods to address subjectivity issue of 

emotion perception and to improve the performance of a 

practical MER system [7]. 

However, as the first three rows of Table I show, existing 

MER datasets rarely meet these requirements. Each song in 

the MER60 dataset [7] was annotated by 40 subjects, but only 

ten subjects annotated more than 30 songs. The DEAP dataset 

[8] has more annotations per subject, but the number of songs 

and subjects are limited. The MoodSwings dataset [9] has 

more subjects, but again it has small number of annotations 

per subject. Emotion annotation is known to be time 

consuming and labor intensive; however, the deficiency of 

dataset may hinder the progress of MER [7].  

We present a new dataset and refer to it as AMG1608. 

The dataset contains 1608 30-second music clips annotated 

by 665 subjects. It is created to facilitate the development and 

evaluation of MER. This dataset includes the annotations of 

46 subjects, and each of them annotated more than 150 music 

clips, making the dataset a useful corpus for research on MER 

personalization. As shown in Table I, the dataset is larger than 

the previous ones in many measures. It is made publically 

accessible to the research community (check out the blog of 

the dataset http://goo.gl/8vnMCH). 

A number of web resources are utilized to construct the 

dataset. To collect the emotion annotations for this large 

dataset, we follow the footstep of previous work [9], [11] and 

exploit the online crowdsourcing service Amazon 

Mechanical Turk (AMT) [10]. We also obtain the mood 

category information from the online music guide service 

website All Music Guide (AMG) to make the emotion 

distribution of the songs well-balanced. The 30-second clips 

are audio previews provided by the music service company 

7digital. 
In what follows, we provide in Section 2 the details of 

the dataset, including the song selection, subject selection, 

TABLE I 

STATISTICS OF MUSIC EMOTION RECOGNITION DATASETS 

Name #songs #subjects 
#annotations 

per Song 

#annotations 

per Subject 

MER60 [7] 60 99 40 15–60 

DEAP [8] 120 32 14–48 40 

MoodSwings [9] 240 546 7–23 1–8 

AMG1608 1608 665 15–32 12–924 
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and annotation processes. Then, in Section 3 we empirically 

assess the quality of the dataset through a baseline MER 

method and a baseline personalization method. Finally, we 

conclude the paper in Section 4. 

 

2. DATA COLLECTION 

 

2.1. Emotion representation 
 

The emotion representation in an MER model can be either 

categorical or dimensional. The categorical approach 

describes the music emotion using a set of discrete affective 

terms such as exciting, cheerful, calm, bittersweet, and sad 

[12]. In contrast, the dimensional approach represents the 

emotion in the continuous space using, for example, valence 

and arousal (VA) as coordinates [13]. Here, valence 

represents how pleasant the emotion is, and arousal 

represents the degree of excitement of the emotion. In either 

approach, the emotion representation can be static (e.g. the 

entire song is assigned with one emotion label) or dynamic 

(e.g. the output is a second-by-second emotion trajectory) [5], 

[14]. We opt to use the dimensional emotion representation 

and ask subjects to annotate perceived emotion of an entire 

song as a point in the VA space. 

 

2.2. Song selection 

 

We obtain a list of contemporary Western music from AMG, 

which has 34 distinct mood categories defined by music 

editors.1 Then, a 30-second audio preview of each song is 

downloaded from 7digital. Besides ensuring sufficient songs 

in the dataset, it is preferable to have the songs uniformly 

                                                 
1 http://www.allmusic.com/moods 

distributed in the emotion space. Therefore, we use the VA 

value of each mood category generated by the tag2VA 

algorithm [15] as the initial value of each song. This marks 

every song in the VA space. Next, a number of songs are 

randomly selected from each quadrant of the VA space. The 

selection is made such that the songs are evenly distributed in 

the four quadrants. In the selection process, a song is 

discarded if it is associated with multiple categories. Finally, 

1608 pieces of songs with sufficiently diverse affective 

contents are selected for annotation. 

 

2.3. Subject selection 

 

 A total of 665 subjects are recruited to annotate the dataset 

via the Internet.  Among them, 22 are recruited from the 

campus and 643 from the AMT. To ensure the AMT subjects 

come from the same country and provide high quality 

annotations, they are required to be residents of the United 

States and have over 90% tasks done on the AMT been 

accepted. The 22 subjects from the campus are asked to 

annotate a 240-song subset of AMG1608. The songs 

annotated by the AMT subjects are part of the entire dataset, 

and the actual number of songs annotated by each subject 

varies. Each song receives a total of 15 emotion annotations 

from the AMT subjects.  

 

2.4. Annotation collection 

 

For annotation quality, we divide the 1608 songs into 134 

annotation tasks (referred to as human intelligence tasks, or 

HITs, in AMT). A subject is asked to annotate 13 songs in 

each HIT. The 13 songs in each HIT are generated as follows. 

First, three songs are randomly selected from each quadrant. 

Then, one of the 12 songs is duplicated and used to assess the 

annotation quality. A HIT is abandoned if the VA values of 

the two identical songs are not close enough. 

At the beginning of each HIT, a subject is given the 

definition of VA representation of emotion and instructions 

of how to annotate emotion label. Moreover, the subject is 

informed of the existence of identical songs, but not which 

songs they are. Next, the subject is provided with a square 

interface panel, as shown in Fig. 1, on a PC monitor to interact 

with. The value of each dimension of the panel ranges from 

 
 

Fig. 1.  The graphical interface used in the emotion annotation 

tasks. The square panel on the right represents the VA plane with 

valence and arousal as the horizontal and vertical axes, 

respectively. Upon a subject clicks on the panel and labels the VA 

value of a song, a green dot showing the song ID is displayed at 

the specified VA coordinates. The subject can drag and drop the 

green dots to edit the annotations. The panel on the left shows the 

song list and provides a playback interface. 

TABLE II 

LIST OF DATA COLLECTED 
Category Item 

Demographic data Gender and age. 

Music experience Years of music education and 

frequency of music listening. 

Music preference Five-point rating for the preference 

of each music genre: rock, metal, 

country, jazz, pop, classical, blues, 

hip-hop, electronic, reggae, dance. 
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−1 to 1. The subject can annotate a song by placing the cursor 

on the panel to indicate the location of the perceived VA 

value of the song. In addition to the music emotion 

annotations, we also collect demographic information, music 

experience and music preference of the subjects through a 

questionnaire. Table II lists the information we have collected. 

 

2.5. Dataset analysis 

 

Among the 665 subjects, 345 are male and 320 are 

female. The average age of them is 32.0±11.4. On average, 

each subject spends 455 seconds to complete one HIT. To 

measure the inter-subject agreement of the annotations for 

each song, we calculate the Krippendorff’s α [16]. The 

average Krippendorff’s α across the songs is 0.31 for valence 

and 0.46 for arousal, which are both in the range of fair 

agreement. Finally, one may see from Fig. 2 that a large 

portion of the annotations falls in the first quadrant. 

 

3. EXPERIMENTS 

 

We show the necessity of having a large-scale dataset for 

MER and for personalization through two experiments. In the 

first experiment, we evaluate the performance of an MER 

model trained with various numbers of training data to 

demonstrate that sufficient training data lead to an accurate 

MER model. In the second experiment, we personalize an 

MER model for each of the selected subjects using annota-

tions from the subject to show that the personalization 

improves the accuracy of MER. We briefly introduce the 

MER model and the feature sets below. Then, we present the 

setting and the results of each experiment in Sections 3.1 and 

3.2. 

The acoustic emotion Gaussian (AEG) approach is 

adopted for MER modeling as it has been shown to be effec-

tive in previous work [17]. This approach uses a Gaussian 

mixture model for MER modeling and personalizes it using 

personal annotations from the user [17], [18]. In particular, 

we adopt the maximum a posteriori linear regression method 

for personalization [19]. Two toolboxes, MIRtoolbox [20] 

and YAAFE [21], are used to extract the acoustic features 

listed in Table III from the audio signals. All features are 

concatenated to form a long feature vector as previous work 

shows this technique improves accuracy of MER [2], [22]. 

 

3.1. Performance of general MER 

 

To show the advantage of a large dataset, we train an MER 

model using different amounts of training data and evaluate 

its performance using a set of testing data. We use 200, 400, 

600, 800, 1000, and 1200 songs for training and 400 songs 

for testing. The training data and testing data do not overlap 

with each other. We repeat this process ten times and 

randomly select the training and the testing data in each time. 

We measure the accuracy of MER using Euclidean dis-

tance and the R2 statistics [23]. The former measures the pre-

diction error, with lower value indicating better performance. 

In contrast, R2 indicates the fitness of a regression model, so 

a high R2 value is preferred. Moreover, R2 is computed sepa-

rately for valence and arousal. 

Fig. 3 shows the performance of the MER model con-

structed with different numbers of training data. Two 

observations can be made from the results. First, the 

performance of the MER model is comparable to the one 

reported in previous work [11], [22], showing the quality of 

this dataset. Second, it is clear that the MER model becomes 

more accurate as the number of training data grows, 

demonstrating that a large MER dataset is desirable to 

develop accurate MER models. 

 

3.2. Personalization of MER 

 

We select 46 users that annotated more than 150 songs as test 

users for the evaluation of MER personalization, which is 

carried out in an online fashion. For each test user, a general 

MER model is trained with 600 randomly selected songs that 

are not annotated by the test user under consideration. Then, 

the general model is incrementally personalized five times 

using songs annotated by the user. The songs are expanded 

TABLE III 

LIST OF ACOUSTIC FEATURES 
Feature  # Description 

MFCC 40 
20 Mel-frequency cepstral coefficients and 

their first-order time differences [24]. 

Tonal 17 

Octave band signal intensity using a 

triangular octave filter bank and the ratio of 

these intensity values [21]. 

Spectral 11 

Linear predictor coefficients that capture the 

spectral envelope of the audio signal [25]. 

Spectral flux [21] and spectral shape 

descriptors [26]. 

Temporal 4 
Shape statistics (centroid, spread, skewness, 

and kurtosis) of the audio signal [27]. 

 

 
Fig. 2.  Histogram of the emotion annotations of the 1608 

songs. 
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by 10 each time. That is, the number of songs is 10, 20, 30, 

40, and 50 in temporal order, and the preceding songs are a 

subset of the current songs each time. The accuracy of the 

personalized model is evaluated using another 100 songs 

annotated by the user. The same 100 songs are used for 

evaluating the performance of the general model and the 

personalized models. This entire process is repeated five 

times for each user. Each time, the training data for the 

general model of a user, the training data for personalization, 

and the test data for performance evaluation are randomly 

selected and are mutually exclusive. 

Three observations can be made from the experimental 

results shown in Fig. 4. First, the performance of the general 

MER model is much worse than the one shown in Fig. 3. This 

implies that a general MER model is not effective when it is 

used as the MER model of an individual listener. In other 

words, the subjectivity of music emotion perception has to be 

addressed if an MER system is to be tailored to an individual 

user. Second, as the results clearly show that the performance 

of a general model for an individual user improves after 

personalization, the need for personalization is well justified. 

Finally, we can see that the effect of personalization improves 

along with the number of personal annotations that are 

available. It seems that we need more personal annotations to 

model the personal perception of valence comparing to 

arousal. With this new dataset, we envision that more 

advanced personalization methods can be developed to 

further improve the performance of MER personalization. 

 

4. CONCLUSION 

 

We have created a new dataset for MER research and released 

it to the public. The dataset is large in the number of songs, 

the number of subjects recruited, and the number of 

annotations provided by each subject. We employed 

crowdsourcing to collect this dataset and used several 

techniques to ensure the quality of the annotations. 

Furthermore, we provide empirical evidences to show the 

need for a large dataset for MER and personalization study. 
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 (a) (b) (c) 

Fig. 4.  The performance of personalized MER models, in terms of (a) the average Euclidean distance, (b) the R2 for valence prediction, 

and (c) the R2 for arousal prediction. 

  

 (a) (b) (c) 

Fig. 3.  The performance of MER model trained with various number of data, in terms of (a) the average Euclidean distance, (b) the R2 

for valence prediction, and (c) the R2 for arousal prediction. 
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