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Abstract—Modeling the association between music and emotion has been considered important for music information retrieval and
affective human computer interaction. This paper presents a novel generative model called acoustic emotion Gaussians (AEG) for
computational modeling of emotion. Instead of assigning a music excerpt with a deterministic (hard) emotion label, AEG treats the
affective content of music as a (soft) probability distribution in the valence-arousal space and parameterizes it with a Gaussian mixture
model (GMM). In this way, the subjective nature of emotion perception is explicitly modeled. Specifically, AEG employs two GMMs to
characterize the audio and emotion data. The fitting algorithm of the GMM parameters makes the model learning process transparent
and interpretable. Based on AEG, a probabilistic graphical structure for predicting the emotion distribution from music audio data is also
developed. A comprehensive performance study over two emotion-labeled datasets demonstrates that AEG offers new insights into
the relationship between music and emotion (e.g., to assess the “affective diversity” of a corpus) and represents an effective means of
emotion modeling. Readers can easily implement AEG via the publicly available codes. As the AEG model is generic, it holds the
promise of analyzing any signal that carries affective or other highly subjective information.
Index Terms—Music information retrieval, music emotion recognition, valence, arousal, Gaussian mixture model, subjectivity
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INTRODUCTION

M

USIC has been widely used for mood and emotion regulation in our daily life, either for negative mood
management, positive mood maintenance, or diversion
from boredom [1], [2], [3]. In the digital age, emotion/
mood is also considered as an important criterion used by
people in organizing and navigating music libraries,
according to music information behavior studies [4], [5],
[6]. In light of this, a great deal of research work has been
undertaken in the music information retrieval (MIR) community to computationally model the relationship between
music and emotion [7]-[35]. In addition to data management purposes, such computational models also find applications in context-aware recommendation (e.g., that takes
the emotion state of the listener into account) [36], [37],
[38], affective human-computer interaction [39], [40], [41],
[42], [43], [44], and music therapy [45], [46], [47], amongst
others .
A fundamental issue in modeling emotion is that emotion perception is by nature subjective and highly dependent on the listener and the situational context [48],
[49], [50]. It is possible for people to disagree on the



affective content of the same music excerpt. Therefore, a
straightforward, deterministic approach that associates each
music excerpt with a single emotion label might not work
well in practice [13], [14], [30]. In contrast, it would be better
if the computational model takes the subjectivity issue into
consideration and is able to accommodate individual and
situational differences using for instance personalization or
model adaptation techniques [21], [22], [23], [24], [31], [51],
[52], [53].1
To illustrate this issue, in Fig. 1 we show the emotion
annotations we collected for 60 excerpts of pop songs from
human listeners in a previous work [22]. Each block shows
the labels of 40 human listeners for an excerpt in the valencearousal (VA) emotion space [54] using the user interface
shown in Fig. 2.2 We see that the emotion annotations (represented by cross marks) are concentrated for some excerpts
but are fairly diverse for some others. The Krippendorff’s a
for measuring the inter-user agreement [43], [56] is 0.704 for
arousal and 0.387 for valence, indicating that the perception
for valence is in particular user-dependent. Therefore,
many details of the affective content of an excerpt would be
lost if we simply take the average VA ratings across the
human listeners as the “genuine” (ground-truth) label for
the excerpt.
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Fig. 1. The emotion annotation in a [1,1][1,1] VA space for the
MER60 dataset [22].3 Each block shows the labels made by 40 listeners
(represented by cross marks) for a 30-second excerpt. We see that for
some excerpts the inter-listener disagreement is high. A gray bounding
box is drawn for an excerpt whose distribution of emotion annotation can
be assumed to be Gaussian according to the Mardia multivariate normality test [57].

Despite that the subjectivity issue has been increasingly
acknowledged [27], [31], few attempts have been made to
develop a principled probabilistic framework for modeling
emotion. Existing solutions to deal with subjectivity are
most developed upon discriminative models that, for example, model the difference between the ‘general’ response
(i.e., the average VA ratings for an excerpt) and an individual’s response [23]. Although such approaches might work
better than the deterministic approach in practice, they do
not provide a theoretical framework for understanding the
relationship between emotion and music.
The present study aims at addressing this issue by using
a generative model that is interpretable and theoretically
sound. To this end, we propose modeling the affective content of music as a parametric probability distribution (i.e., a
soft assignment) instead of a (hard) single point. This
approach better accounts for the subjectivity, as it assumes
that the emotion ratings from each human subject can be
generated from the model. A novel probabilistic graphical
model is then proposed to infer the emotion distribution
from the acoustic features of music excerpts. In particular,
we employ two sets of Gaussian mixture models (GMMs) to
characterize the audio and emotion data, respectively.
Accordingly, the generative model is referred to as the
acoustic emotion Gaussians (AEG) model.
Compared to existing discriminative-based models [21],
[22], [23], the proposed generative model is characterized
by the transparency of its model learning process. Moreover, it provides a unified framework for music emotion recognition (i.e., automatic annotation) and emotion-based music
retrieval, since one can map a music excerpt to the emotion
space as well as an emotion-related query [58] to the acoustic feature space based on the generative process. Additional information such as user feedback can also be easily
incorporated through the probabilistic model adaptation
[59]. From a theoretical point of view, the proposed model
is generic and hopefully lays a new foundation for emotion
modeling of not only music but any real-world signal that
carries affective information.
3. Please note that for all the figures in this paper that show the VA
space, the horizontal and vertical axes correspond to the valence and
arousal dimensions, respectively.
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Fig. 2. A user interface [22] for rating the valence and arousal (VA) values of music (cf. Section 4.1). In this example, a user has listened to
three excerpts and labeled all of them in the first quadrant of the VA
space; different VA values were assigned according to the emotions the
user perceived in these excerpts.

While the GMM assumption on acoustic data has been
widely adopted [59], [60], [61], [62], [63], the GMM
assumption on the emotion data is rare and needs justification. To this end, we want to verify the adequacy of
using a bivariate Gaussian to model the emotion distribution of an excerpt. In statistics, the Mardia multivariate
normality test [57] can be used to determine whether a
dataset is well-modeled by a Gaussian distribution.
Empirically, we found that the annotations of only 32 out
of 60 excerpts in the MER60 dataset [22] can be assumed
to be bivariate Gaussian under the Mardia’s test at significance level 5 percent [57], as Fig. 1 illustrates. For the
remaining excerpts, a single Gaussian is not enough.
Therefore, while it is computationally convenient to use a
single Gaussian to model an emotion distribution, a
GMM could be a better choice as it represents a finer
granularity of emotion modeling.
The main ideas and the model learning algorithm of AEG
have been introduced in [29], with application to both music
emotion recognition and emotion-based retrieval. This
paper extends and complements the prior one in the following aspects:


We discuss the rationale and model assumptions of
AEG in detail in this paper (Section 3).
 We qualitatively analyze the learning process of
AEG and compare the models learned from two different corpora to offer insights into the probabilistic
model (Section 4.2).
 We propose a novel way of measuring the affective
diversity of an emotion-annotated corpus based on
AEG (Section 4.3). This measure also provides
insights into the accuracy that can be expected for
music emotion recognition.
 We systematically evaluate the performance of AEG
for music emotion recognition with more discussions
on the parameter settings.
For reproductivity, the codes for implementing and evaluating AEG have been made publicly available to the
research community.4

4. Available online, http://slam.iis.sinica.edu.tw/demo/AEG/
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TABLE 1
Approaches for Modeling Valence and Arousal

RELATED WORK

Computational modeling of the relationship between music
and emotion has been studied for years and many excellent
reviews have been available [26], [27], [28]. The majority of
existing work deals with the annotation aspect of emotion
modeling, aiming at automatically annotating music
excerpts with emotion. This task has also been referred to as
‘music emotion recognition’ [6], ‘mood classification’ [12] or
‘emotion classification’ [53], amongst others. Many
approaches follow a typical pattern recognition paradigm
and train classification or regression models [64] (depending on whether emotions are described in terms of discrete
classes or continuous dimensions) trying to “reproduce” the
ground-truth labels obtained from a listening test [65]. In
contrast, the retrieval aspect—retrieving a set of music
excerpts given an emotion-related query—has received relatively little attention. Although the proposed model can be
applied to retrieval as well (as demonstrated in [29]), we
focus on the annotation aspect in this paper. In particular, to
avoid redundancy with recent surveys, our review here is
centered around the subjectivity issue of modeling valence
and arousal.
Valence and arousal have been widely recognized as the
two most fundamental dimensions of emotion [54], [66]. As
there is still no consensus on the “best” taxonomy for classifying emotions [27], the VA model suggests a simple yet
powerful way of organizing emotions with two standard
dimensions [67]. Moreover, representing emotions by VA
values instead of discrete classes avoids the semantic ambiguity and possible overlaps of affective terms [27]. It also
provides a continuous space that might correspond to the
internal human representations of emotion [55], making it
easier to track the dynamic emotion variation within a longer piece of music [8], [24], [25], [34], a case which is outside
of the scope of this paper.
Early approaches to modeling valence and arousal (e.g.,
[15], [16]) assumed that the affective content of a music
excerpt can be represented as a single point in the VA space.
The ground-truth VA values of a music excerpt is obtained
by averaging the annotations of a number of listeners, without considering the covariance of the annotations. Moreover, for simplicity, the two dimensions are usually
assumed to be independent, so that one can model each
dimension by fitting a regression model [64] that minimizes
the error (e.g., mean squared difference) between the predicted and the ground-truth values. We refer to such methods collectively as the VA-point approach.
To better account for the subjective nature of emotion
perception, approaches that consider emotion as a distribution rather than a point in the VA space have been proposed
recently. Existing approaches generally fall into two categories: the heatmap approach and the Gaussian-parameter
approach. The former quantizes each emotion dimension
by t equally spaced cells, leading to a t  t grid representation of the VA space [21], [24]. This approach then trains t 2
regression models for predicting the emotion intensity at
each cell. Higher intensity at a cell indicates that people are
more likely to perceive the corresponding emotion from the
excerpt. The heatmap can be considered as a non-parametric way of modeling an emotion distribution, as there is no
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Approach
VA-point [15], [16],
[19], [22], [23], [35]
Heatmap [21], [24]

Type
Discriminative
Discriminative

Gaussian-parameter
[21], [25]

Discriminative

Proposed [29]

Generative

Main idea
Predict the mean VA values
using regression
Predict the emotion density
over a number of cells that
quantizes the emotion space
Predict the parameters of
the VA mean and covariance
using independent regressors
Fit a Gaussian using a
probabilistic graphical model

assumption of the underlying distribution. However, it is
less straightforward to build a generative model for the
heatmap as dedicated methods have to be developed to
model the correlation among adjacent cells.
In contrast, the Gaussian-parameter approach [21], [25]
parameterizes emotion distribution as a Gaussian and uses
regression models to predict from acoustic features the
Gaussian parameters (i.e., mean and covariance) of a music
excerpt. This approach stands as an intuitive extension of
the VA-point approach; one can apply lessons learned from
previous work to construct effective models for the mean
VA values. However, similar to the heatmap approach, the
Gaussian-parameter approach is mostly discriminative and
does not offer a strict probabilistic interpretation. The correlation among the Gaussian parameters also remains unmodeled. Because the parameters of covariance are modeled independently, the predicted covariance is not guaranteed to be a positive definite matrix. As a result, heuristic
may be applied to adjust the predicted parameters to produce a valid covariance.
Table 1 summarizes the approaches discussed above. We
note that few attempts have been made to build a generative
framework for music emotion modeling. In Section 4.3, we
will compare the performance of the proposed method with
a Gaussian-parameter based approach for music emotion
recognition.
Personalization is also an important aspect of dealing
with the subjectivity issue. A number of personalization
methods have been proposed for the VA-point approach
[22], [23]. For example, the two-stage approach described in
[23] trains a first-layer regression to model the general
response and a second-layer one to model the difference
between the general response and the individual response
of the target user. In [51], we have presented some preliminary result of using model adaptation techniques developed
in speech signal processing [59] to personalize AEG. The
method uses maximum a posteriori to refine the model parameters of AEG given the feedback from a listener. Experiments
conducted on MER60 showed that a personalized model can
be built with a reasonable amount of user feedback.

3

PROBABILISTIC MODEL

We make the following model assumptions involving a set
of random variables: the audio data of a music excerpt X,
which contains a sequence of acoustic feature vectors
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computed over short-time frame instances fx1 ; . . . ; xT g;
xt 2 RM , the position of the excerpt on the continuous
valence-arousal emotion space y 2 R2 , and the associated
discrete latent topic z 2 f1; 2; ; Kg.
1)

2)



We have the graphical structure X ! z ! y, implying that the emotion y is independent of the audio
data X when given a topic z.
The distribution of an arbitrary frame x given z is
Gaussian
pðx j z ¼ kÞ  N ðmk ; Sk Þ :

(1)



Accordingly, we have the probability density
function for x,
pðxÞ ¼

K
X

pk N ðx j mk ; Sk Þ ;

(2)

k¼1

where pk , mk , and Sk are the model parameters associated with the kth latent topic.5 Then, given an
observed frame xt , the posterior probability of a
topic is computed by
pk N ðxt j mk ; Sk Þ
:
pðz ¼ k j xt Þ ¼ PK
h¼1 ph N ðxt j mh ; Sh Þ
3)

The excerpt-level posterior probability of z ¼ k given
X can be approximated by averaging the frame-level
posterior probabilities,6
pðz ¼ k j XÞ 

4)

(3)

T
1X
pðz ¼ k j xt Þ :
T t¼1



(4)

In other words, it is assumed that every frame of the
excerpt has equal contribution.
The distribution of y given a topic z ¼ k is Gaussian
pðy j z ¼ kÞ  N ðm
mk ; S k Þ ;

(5)

where the parameters m k ; S k are associated with the
kth latent topic as well. Accordingly, the marginal
distribution of y is
X
pðy j z ¼ kÞpðz ¼ k j XÞ
pðy j XÞ ¼
k

¼

X

N ðy j mk ; Sk Þpðz ¼ k j XÞ :





(6)

k

The first assumption suggests that z uses K discrete
latent topics to connect the acoustic feature space
and the emotion space. Introducing such a hidden
layer helps model the complicated relationship
between the input and output data, as demonstrated

5. Because the association between the latent topics and audio data
is modeled in the short-time level, one can model the time-varying
emotion variation across the excerpt [8], [24], [25], [34]. Our recent
work has realized this concern [68].
6. We have found
Q this formulation led to better empirical performance than using ð Tt¼1 pðz ¼ k j xt ÞÞ1=T in a pilot study.

by existing latent topic models such as probabilistic
latent topic analysis (pLSA) [60] and latent Dirichlet
allocation (LDA) [69].
The Gaussian assumption on the acoustic feature
space in assumption 2 is usually employed in audio
signal processing [59], [60], [61], [62], [63]. We refer
to the model fpk ; mk ; Sk gK
k¼1 as the acoustic GMM.
The total number of parameters is K+MK+M 2 K,
which can be reduced to 2MK by assuming each
pk ¼ K1 ,7and each Sk to be diagonal (i.e., no correlation among the features) [70].
Assumptions 2 and 3 in combination suggest that an
audio encoding approach similar to bag-of-frames
(BoF) [63], [71], [72], [73] is adopted. The BoF
approach uses a codebook of size K to quantize a
frame-level input xt as a codeword and assumes that
the excerpt-level information can be represented by
the histogram over the codewords of the codebook.
When the acoustic GMM is employed, the framelevel encoding result is computed as a probability
pðzjxt Þ, which has been proven to be more effective
than the conventional BoF approach with smaller K
[63], [74]. One can easily extend the frame-level features to block-level ones for representing xt , so that
more local temporal characteristics can be captured
[75]. We leave this for our future study.
The Gaussian model of the emotion space in
assumption 4 is intended to parameterize the emotion distribution owing to the subjective nature of
emotion perception. The K topics collectively define
a GMM for the emotion data. Therefore, we refer to
the model fm
mk ; S k g K
k¼1 as the affective GMM. Unlike
the acoustic GMM, we use a full covariance matrix
(2  2) for each Sk to model the correlation between
valence and arousal. We will illustrate several
parameters of m k and Sk empirically learned from
data in Section 4.2.
The four assumptions as a whole suggest that music
excerpts sharing similar distributions in pðzjXÞ
would also have similar distributions in the emotion
space, so that the annotations of different excerpts
can blend with one another.
The parameters Q  fpk ; mk ; Sk ; m k ; S k gK
k¼1 are statistical and can be estimated from data using maximum likelihood estimation
^ ¼ arg max
Q
Q

We make the following observations.
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N
X

log pðYðiÞ jXðiÞ ; QÞ ;

(7)

i¼1

where N denotes the number of available excerpts
for training, and the superscript ðiÞ denotes the ith
training excerpt. We will elaborate on the learning
algorithm in Section 3.1.
We can make personalized model adaptation inference over Q by max pðQ
Qjyu ; XÞ [51], [76], where yu
denotes the information of a target user u, although
this extension is not studied here.

7. This uniform prior assumption has been shown adequate for
musical acoustic data modeling [63].
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in the learning process of affective GMM. Then, the data
log-likelihood can be derived by
L ¼ log
¼

X

N Y
U ðiÞ 
Y

ðiÞ
p yj j XðiÞ
i¼1 j¼1

log

i;j

Fig. 3. Illustration of the generative process of the proposed acoustic
emotion Gaussians model.



The model is also applicable to describe emotions in
more than two dimensions (e.g., by including the
third important dimension potency, or dominant–
submissive [77], [78]), although we focus on the VA
model here for simplicity.
As Fig. 3 depicts, AEG involves a generative process for
the affective content of music. For a given excerpt, we first
extract the frame-level feature vectors, compute pðzjXÞ
according to Eqs. (3) and (4), and then compute pðyjXÞ
according to Eq. (6). If an excerpt’s acoustic content X can
be completely described by a single latent topic z ¼ k, i.e.,
pðz ¼ kjXÞ ¼ 1 and pðz ¼ hjXÞ ¼ 0, 8h 6¼ k, its emotion distribution would exactly follow N ðm
mk ; Sk Þ. Otherwise, the
emotion distribution would be a weighted combination of
fN ðm
mk ; S k ÞgK
k¼1 using pðzjXÞ as the weights.

3.1 Fitting the Model Parameters
To simplify the model fitting process, we divide the parammk ; Sk gK
eter set to fpk ; mk ; Sk gK
k¼1 (acoustic GMM) and fm
k¼1
8
(affective GMM) and fit them separately.
The acoustic GMM is conceptually similar to a codebook
[72], [73] that is applicable to describe the acoustic feature
bases for any music excerpt, but it is more general due to its
probabilistic treatment. As the representative for a topic,
moreover, the use of Gaussian distribution in fact conveys
more semantic meanings than a single codeword does. An
acoustic GMM can be learned from a collection of unlabeled
frame-level acoustic feature vectors U, whose size can be
arbitrarily large since no human annotation is needed. This
is a typical problem of learning a universal background model
in the speech processing field and can be tackled by the
expectation-maximization (EM) algorithm [59]. As aforementioned, we fix pk ¼ K1 and assume each Sk to be diagonal
for simplicity [63]. Once the parameters fmk ; Sk gK
k¼1 are
learned, the resulting acoustic GMM can be used to compute pðzjXÞ (cf. Eq. (5)) for a music excerpt.
Fitting the affective GMM parameters fm
mk ; Sk gK
k¼1 , on the
ðiÞ
contrary, requires a labeled dataset L ¼ fX ; YðiÞ gN
i¼1 ,
ðiÞ
ðiÞ
where YðiÞ ¼ ½y1 ; . . . ; yU ðiÞ  denotes the set of VA values
ðiÞ

entered by listeners, yj 2 R2 the individual annotation of

the jth listener (e.g., each cross mark in Fig. 1), and U ðiÞ the
number of annotations available for the ith excerpt. Based
on the acoustic GMM, for each training excerpt we compute
pðzjXðiÞ Þ, which is called the acoustic prior and will stay fixed

8. Another option is to jointly learn all the parameters fpk ; mk ;
Sk ; mk ; Sk gK
k¼1 ; this is left as a future work.

X


 ðiÞ
N yj j mk ; Sk pðz ¼ k j XðiÞ Þ :

(8)

k

In practice, we might want to introduce the annotation prior
ðiÞ
for modeling the reliability of each annotation yj , giving
rise to
L^ ¼

X
i;j

gj

X

ðiÞ

N ðyj j m k ; Sk Þpðz ¼ k j XðiÞ Þ ;

(9)

k

ðiÞ

where 0

ðiÞ

g j log

1 and

P

ðiÞ
i;j g j

¼ 1. This equation reduces to
ðiÞ

Eq. (8) when a uniform setting g j ¼ P 1U ðhÞ is adopted. We
ðiÞ

h

will describe a model for g j in Section 3.2.1. One can
observe from Eq. (9) a very important attribute of AEG, i.e.,
the affective GMM is learned based on the raw emotion
annotations from each listener instead of the aggregated
ones across subjects. This scheme directly takes the subjectivity into account, making AEG fundamentally different
from the Gaussian-parameter approach (cf. Section 2).
Although maximizing L^ is intractable, we can employ
the EM algorithm to find an approximated solution [79]. In
the E-step, we compute the posterior probability of z ¼ k
ðiÞ

given yj ,
  ðiÞ



p z ¼ kjXðiÞ N yj jm
mk ; S k
ðiÞ 
p z ¼ kjyj ¼ P 
  ðiÞ
:
ðiÞ
N yj jm
mh ; S h
h p z ¼ kjX

(10)

In the M-step, the updating forms for the mean vector and
covariance matrix are as follows:
P ðiÞ 
ðiÞ  ðiÞ
i;j g j p z ¼ k j jyj yj
0
;
(11)
mk
P ðiÞ 
ðiÞ 
i;j g j p z ¼ k j yj
P
S0k

i;j

 ðiÞ
T
ðiÞ 
ðiÞ  ðiÞ
g j p z ¼ k j yj yj  m 0k yj  m 0k
:
P ðiÞ 
ðiÞ 
i;j g j p z ¼ k j yj

(12)

The EM algorithm iteratively maximizes the value of L^
defined in Eq. (9) until convergence. One can fix the number
of maximal iterations or set a stopping criterion according
^
to the relative increase in L.
As Eqs. (11) and (12) show, the parameter update is colðiÞ ðiÞ
ðiÞ
lectively determined by yj ; g j and pðzjyj Þ; 8i; j. In this
way, the learning process jointly takes the data likelihood,
annotation prior and acoustic prior over the current affective GMM into consideration, so that the annotations of different excerpts can share with one another according to
their corresponding probabilities. This is another unique
attribute of AEG.
Algorithm 1 summarizes the learning process of affective
GMM. The initialization of the parameters fm
m0k ; S0k gK
k¼1 can
be obtained by, for example, using the sample mean vector
and covariance matrix m L ; SL computed over the whole
data set L.

WANG ET AL.: MODELING THE AFFECTIVE CONTENT OF MUSIC WITH A GAUSSIAN MIXTURE MODEL

Algorithm 1. Fitting the affective GMM
Input: Acoustic prior fpðz j XðiÞ ÞgN
i¼1 ;
ðiÞ

ðiÞ

annotation prior fg j gN;U
i¼1;j¼1 ;

1
2
3
4
5
6
7
8

initial model fm
m0k ¼ m L ; S0k ¼ SL gK
k¼1 ;
maximal number of iterations R or
threshold of stopping ratio G ;
Output: Model parameters fm
m0k ; S0k gK
k¼1
Initialize r
0 and L0 using Eq. (9);
repeat
Compute the posterior probability using Eq. (10) with
fm
mrk ; Srk gK
k¼1 ;
r
rþ1;
Update fm
mrk ; Srk gK
k¼1 using Eqs. (11) and (12) ;
Compute Lr using Eq. (9) ;
until r ¼ R or ðLr  Lr1 Þ=jLr1 j < G ;
Let m 0k
mrk and S0k
Srk ;

3.2 Optimizing the Learning Algorithm
3.2.1 Prior Model for Emotion Annotation
To obtain the general emotion response of an excerpt in L, we
typically ask multiple listeners to annotate the excerpt. However, as some listeners’ annotations might not be reliable. To
improve the robustness of AEG, we can introduce a variable
g to weight the importance of different annotations in learning the affective GMM. For example, if we have known that a
user may be biased or less consistent with others, his/her
annotations can be considered as less reliable. In our prior
work [29], we develop an intuitive approach to setup the
annotation prior for each annotation by
ðiÞ
gj


 ðiÞ
N yj jaðiÞ ; BðiÞ
;
 ðiÞ
P
ðiÞ
ðiÞ
h N yh ja ; B

(13)

where aðiÞ and BðiÞ are the sample mean and covariance of
YðiÞ computed beforehand. For simplicity, we use a single
Gaussian instead of a GMM as the prior, so there is no need
to determine the number of components of the GMM. Note
that this setting does not contradict our motivation to model
the affective content of music as a GMM, as explained
ðiÞ

below. In some sense, g j can be viewed as a regularizer of
Algorithm 1 in addition to reflecting the annotation imporðiÞ

tance. The intuition is that g j

tends to regularize the

parameters fm
mk ; Sk g to stay close to faðiÞ ; BðiÞ g if pðz ¼
ðiÞ

mk ; S k gK
kjyj Þ is large. This shows that the resulting fm
k¼1 will
be diverse enough, because we always have multiple training excerpts that generate a variety of Gaussian priors
faðiÞ ; BðiÞ gN
 1 to coni¼1 . We can also set a parameter 0
trol the trade-off between regularity and data fidelity by
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When this occurs, some covariance matrices become nonpositive definite (non-PD), making the corresponding
affective Gaussians ill-defined. For instance, if a component
affective Gaussian is contributed by only one or two annotations, the shape of its covariance becomes a point or a straight
line. It is particularly important to avoid the singularity issue
when the size of training examples is too small, when there
are prevalent outliers in the set of annotations, or when the
value of K is set to an overly large value. A straightforward
approach to circumvent this issue is to perform early stop
in Algorithm 1 by setting a smaller R (e.g., 8) or a larger G
(e.g., 0.01), or to stop the EM update whenever a non-PD
covariance matrix appears. However, both methods might
lead to an insufficient model. Alternatively, one can i) regularize the covariance matrices by adding small values to the
diagonal, or ii) remove that ill-conditioned Gaussian component, which in effect dynamically decreases the value of K.
We adopt the latter approach here.

3.3 Discussion
With the generative process expressed in Eq. (6) (cf.
assumption 4), we gain insights into potential extensions for
the AEG model. If we can represent a type of musical features of a song (e.g., lyrics, melody, rhythm, music structure, or implicit music similarity) into a probability vector
pðzjXÞ, we can incorporate the feature into learning an AEG
model. Such a process would need to first construct a set of
(latent or visible) reference classes and then compute the
posterior probability of a song over the classes. For example,
we can predefine five rhythm classes and estimate for each
music excerpt the posterior probability of each class based
on a tempo detection algorithm. However, defining a set of
effective reference classes for music emotion should consider diverse feature types. At the initial stage of developing
AEG, we opt to use the low-level audio features and learn
the reference classes (latent topics) via the acoustic GMM. It
is believed that the learned topics can involve information
such as rhythm and melody, which are usually estimated
with specific algorithms from low-level features in MIR.9

4

ANALYSIS

We demonstrate in this section how AEG can be employed
to empirically analyze the relationship between music and
emotion. We first present a qualitative study that investigates the parameter fitting process of AEG, and then an
application of AEG to measure the quality of an emotionannotated corpus. Two real-world music corpora are considered in this study: the MER60 [22] and DEAP [41]
datasets.10

(14)

4.1 Music Corpora and Acoustic Features
The MER60 dataset consists of 60 pieces of 30-second clips
selected from the chorus parts of contemporary Western
pop songs [21], [22]. A total number of 99 participants (46

3.2.2 Singularity Issue in Learning the Affective GMM
In practice, as the affective GMM is getting fitted to the data, a
small number of affective Gaussian components might overly
fit to some emotion annotations, leading to singularity [79].

9. We refer interested readers to [80] that demonstrates the latent
topics of an acoustic GMM based on tags. For instance, we found that
the first topic (cf. Table 2 in [80]) is associated with rhythm tags such as
‘slow.’
10. Available at http://mac.iis.sinica.edu.tw/ ~yang/MER/
NTUMIR-60/and http://www.eecs.qmul.ac.uk/mmv/datasets/deap/

ðiÞ

gj

ðiÞ

ð1  Þ 1 þ  g j :
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males and 53 females) were recruited for emotion annotation in a silent computer lab. Different participants annotated different numbers of songs, but we ensured that each
song was annotated by exactly 40 different participants. The
VA values, which are real values ranging in between [1,
1], were entered by left-clicking on the continuous VA space
displayed by the user interface shown in Fig. 2. The interface uses a small rectangle to indicate the annotation for a
piece and permits instant playback of the piece by rightclicking on the rectangle. This encourages the listener to
make careful comparison between the ratings of different
pieces and revise pervious annotations if needed, which in
turn improves the quality of annotation [22]. Prior to annotation, the listeners were instructed with the purpose of
emotion modeling, the meaning of valence and arousal, and
the difference between perceived and felt emotion [55]. The
MER60 dataset is concerned with the perceived emotion.
The DEAP dataset [41] contains 120 pieces of one-minute
music video clips of Western pop music collected from YouTube. The one-minute segment was intended to be the one
with the “maximum emotional content” as estimated by an
affective highlighting algorithm [10]. Each clip was annotated by 14-16 listeners (50 percent female), who were asked
to rate the valence, arousal and dominance (i.e., potency) on
a discrete nine-point scale from 1 to 9 using a web-based
self-assessment tool [41]. Unlike MER60, for DEAP the listeners were not allowed to modify previous annotation and
were asked to annotate the felt emotion.
For the acoustic feature representation, a hybrid set of
frame-level energy, timbre and harmonic descriptors were
computed by using the MIRToolbox [19], [81] with a frame
size of 50 ms and 50 percent overlap. The features include
root-mean-square energy, zero-crossing rate, spectral flux,
centroid, spread, skewness, kurtosis, entropy, flatness,
85 percent-rolloff, 95 percent-rolloff, brightness, roughness, irregularity, 13-dimensional MFCCs, delta MFCCs,
delta-delta MFCCs, key clarity, musical mode, harmonic
changes likelihood, 12-bin chroma vector, chroma peak,
and chroma centroid, leading to a 70-dimensional feature
vector for a frame. Please refer to [20], [21] for details of
the features. Please note that the use of the delta and
delta-delta MFCC features is able to capture local temporal timbre patterns [82]. Each feature dimension was normalized to zero mean and unit variance. Such a hybrid set
of feature descriptors are employed in most previous
work on computationally modeling music (e.g., [11], [18],
[20]), due to the complicated acoustic patterns involved in
emotion induction and the difficulty of finding a universal
feature representation that well characterizes every emotion [83], [84].11
To learn the acoustic GMM, we generated 235 K framelevel feature vectors from an in-house music collection
(using the same 70-dimensional features by the MIRToolbox) to constitute U. Based on an identical acoustic GMM,
two affective GMMs were learned on the annotations of
MER60 and DEAP, respectively.

11. As the focus of this paper is on the computational model itself,
we only consider conventional acoustic features that are usually
adopted in related work.
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Fig. 4. The affective GMMs (K ¼ 32) learned from the MER60 dataset
[22] at iterations 2, 4, 7, 10, and 20 of Algorithm 1. Each Gaussian component is represented by an ellipse with a unique color.

4.2 Analyzing the Parameters of Affective GMM
To offer insights into the probabilistic model, we fit the
parameters of affective GMM on the two datasets and examine the learned affective GMMs at each iteration of
Algorithm 1. The number of latent topics K is set to 32 in
this analysis; we will analyze the effect of K later in
Section 5.2.
The affective GMMs learned from MER60 are depicted in
Fig. 4, from which the following two trends are observed.
First, while being close together in the beginning, the Gaussians gradually separate from one another as the iteration
proceeds. Second, the size of the ellipse (i.e., the covariance)
of each Gaussian gets increasingly smaller until convergence; at the 20th iteration, the Gaussians collectively cover
different areas in the VA space, making it possible to
approximate all kinds of emotion distribution by combining
the learned affective GMM with different weights, which
are set according to acoustic prior pðzjXÞ for each music
excerpt individually.
We note that the specific area covered by a Gaussian
suggests the mapping from the acoustic space to the emotion space governed by a specific latent topic. For example,
the latent topics with affective Gaussians distributed in the
first quadrant might represent happiness-related emotions. As another example, we see that there are many
Gaussians with horizontally elongated ellipses, suggesting
that it is more difficult to discriminate positive/negative
valence, comparing to high/low arousal. This observation
is in line with the empirical performance for modeling
valence and arousal reported in the literature (e.g., [16],
[24]). Discriminating emotions in the third and fourth
quadrants (e.g., sadness and tenderness) appears to be
even more challenging, as suggested by the large number
of horizontally elongated ellipses in those areas. These
examples well illustrate the insights that AEG can offer
into computational emotion modeling. Such insights cannot be obtained if emotions are considered as points rather
than distributions.
On the other hand, Fig. 5 shows the affective GMM
learned from DEAP. By comparing Figs. 4 and 5, the following observations can be made.
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TABLE 2
The PWKLs of the Two Datasets and the Accuracy of Music
Emotion Recognition in Terms of AKL and AED
Dataset
MER60

5.095

DEAP

1.194

Fig. 5. The affective GMMs (K ¼ 32) learned from DEAP at iterations 10
and 20.









The global emotion distribution of the ground-truth
annotations fYðiÞ gN
i¼1 of a corpus can be approximately outlined by the affective GMM. We would
expect that the model learned from MER60 is more
generalizable, as the model covers almost the full
VA space. In contrast, the model learned from DEAP
might not be able to perform well in the corners of
the second and fourth quadrants.
One could assess the inter-user agreement of a corpus from the learned affective GMM. In particular,
we would consider that the inter-user agreement is
higher for MER60 than for DEAP, since the former
contains smaller and diverse Gaussians, suggesting
that the association between music and emotion is
clearer for the listeners.
Some of the latent topics might be too vague to be
useful for emotion modeling, such as those topics
with overly large, overly elongated, or largely overlapped component affective Gaussians. For better
performance, some future study can be done to
remove such latent topics according to the size and
shape of the corresponding component affective
Gaussians.
The singularity issue (cf. Section 3.2.2) seems to be
dataset-dependent. Possibly because the two datasets were developed in different ways (e.g., DEAP
uses integer ratings whereas MER60 uses a continuous scale), we observe that a Gaussian for DEAP has
degenerated to a straight line at iteration 20 (see
Fig. 5), but no such case for MER60, even for more
iterations or larger K (up to 256 according to our
empirical observation).

4.3 Measuring Affective Diversity of a Corpus
Describing emotion as a probability distribution also makes
it possible to assess the affective diversity of a corpus. This
can be done by measuring the dissimilarity between the
emotion distributions of different excerpts within the corpus. To this end, we can summarize the annotations YðiÞ for
each song of an emotion-labeled corpus L by a single Gaussian GðiÞ , and then measure the difference between any GðiÞ
and GðjÞ , where i 6¼ j, by the information-theoretic KullbackLeibler (KL) divergence [85]
1
SA S1
SA S1
DKL ðGA jjGB Þ ¼ trðS
B Þ  logjS
B j
2

mA  mB Þ  d ;
þ ðm
mA  m B ÞT S1
B ðm

Method
base-rate
SVR [21]
AEG
base-rate
SVR [21]
AEG

AKL
4:179
2:052
1:193
0:759
0:530
0:453

4:536
1:679
1:387
0:744
0:502
0:456

AED
0:531
0:411
0:342
1:405
1:212
1:145

0:165
0:216
0:157
0:612
0:587
0:516

where GA  N ðm
mA ; SA Þ, GB  N ðm
mB ; SB Þ and d ¼ 2 because
the valence-arousal space is 2-dimensional. Accordingly,
the pairwise KL divergence (PWKL) of L can be defined as
PWKLðLÞ ¼

1 X
DKL ðGðiÞ jjGðjÞ Þ ;
NPW i6¼j

(16)

denotes the number of possible pairs in
where NPW ¼ NðN1Þ
2
L. Intuitively, larger PWKL indicates higher diversity of the
annotations of a corpus.
It should be noted that the affective diversity of a corpus
is dependent on two major factors:


Acoustic diversity, whether the corpus contains music
excerpts of different acoustic variations. This is
related to the selection of excerpts and the length of
excerpts to be annotated [86].
 Annotation diversity, whether the recruited listeners
provided diverse set of emotion annotations. This is
related to the selection of listeners, the tool, user
interface and environment for annotations, and how
the listeners are instructed [35].
Intuitively, if a corpus is high in affective diversity, a
computational model learned from the corpus is more likely
to be generalizable to any music excerpt. Whereas, for a corpus with small diversity, it would be possible to obtain high
accuracy in emotion recognition by using a Gaussian with
the sample mean and covariance of the corpus (i.e.,
N ðm
mL ; SL Þ). Therefore, we would consider the evaluation
result of a diverse corpus as more useful.
The second column of Table 2 compares the PWKL of the
two datasets. We see that the PWKL of MER60 (5.095) is
much larger than that of DEAP (1.194). Because the two datasets are different in many ways (e.g., music vs. music video,
perceived emotion vs. felt emotion, and continuous graphical interface in the lab vs. online ordinal rating), it is difficult
to tell whether the difference in PWKL stems from acoustic
diversity or annotation diversity. However, combined with
the findings in Section 4.2, it should be safe to presume that
the annotation consistency of MER60 is relatively higher.
Accordingly, the system trained on MER60 would be more
effective, because it might be less likely to give a predicted
affective Gaussian that is close to the origin with a large
covariance. We will further explain this in Section 5.2.

5
(15)

PWKL

MUSIC EMOTION RECOGNITION

In what follows, we systematically evaluate the performance of AEG for music emotion recognition on MER60
and DEAP. The purpose of this performance study is to
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validate the effectiveness of AEG and to investigate the
effect of some parameter settings.

5.1 Algorithm
Given the model parameters fpk ; mk ; Sk ; m k ; Sk gK
k¼1 , AEG
^ by
can predict the emotion of an unlabeled music excerpt X
following the generative process from the acoustic feature
space to the emotion space. Specifically, it first computes
^ with Eqs. (3) and (4) from the acoustic features and
pðzjXÞ
then generates the emotion distribution as a weighted
GMM:
^ ¼
pðy j XÞ

K
X

^
pðz ¼ k j XÞN
ðy j m k ; S k Þ :

(17)

k¼1

^ we can also use a single, representaIn addition to pðyjXÞ,
^ Þ to summarize the weighted
^; S
tive affective Gaussian N ðm
GMM, as illustrated in the rightmost part of Fig. 3. The representative Gaussian can be approximated by
^¼
m
^¼
S

X
k

X

^ mk ;
pðz ¼ kjXÞm


^ Sk þ ðm
pðz ¼ kjXÞ
mk  m
^ Þðm
mk  m
^ ÞT :

(18)

k

Interested readers are referred to [87] for the derivation of
the above equations.
Representing the predicted result as a single Gaussian is
functionally necessary owing to the following two reasons.
First, it is easier and more straightforward to interpret or
visualize the emotion prediction to the users with only a single mean (center) and covariance (uncertainty). Second, to
compare the performance of AEG with that of a Gaussianparameter approach [21], [25], we have to follow the conventional setting that outputs the prediction as a single
Gaussian and then measures the error between the predicted one and the ground-truth one.
However, using a single Gaussian may run counter to the
theoretical arguments given in favor of a GMM that permits
emotion modeling in a finer granularity. For instance, it is
inadequate for the excerpts whose emotional responses are
by nature bi-modal. We note that, in some applications such
as emotion-based music retrieval [58] and music video generation [52] (those do not need to present the prediction to
the users), one can directly use the raw weighted GMM (i.e.,
Eq. (17)) as the emotion index of a song in response to
queries that can be represented in the VA space. In the case
of music retrieval, for example, the ranking score can be
obtained by feeding a VA point query into the affective
GMM of a song [29]. As the retrieval perspective is beyond
the scope of this paper, we leave the further study for our
future work.
The computation of Eq. (18) is fairly efficient. The complexity depends mainly on K and the number of frames T
of an excerpt: computing uk requires KT operations (cf.
^ requires K vector mul^ and S
Eq. (3)), whereas computing m
tiplications and K matrix operations, respectively. This efficiency is important for dealing with a large-scale database
and for applications such as real-time music emotion tracking on a mobile device [34], [68], [88].
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5.2 Evaluation
We performed leave-one-out validation (i.e., holding one
excerpt for test in turn and the remaining for training) [21],
[79] since both MER60 and DEAP are small in scale. Following [24], we evaluated the accuracy in terms of i) the one-way
(asymmetric) KL divergence (cf. Eq. (15)) of the predicted
Gaussian over the ground-truth one and ii) the euclidean distance between their mean vectors. The average KL divergence
and average euclidean distance are termed as AKL and AED,
respectively. Smaller AKL and AED indicate better performance. We consider AKL as the major performance indicator, because it takes both mean and covariance into
consideration. Moreover, the value of AED is sensitive to the
numerical range of the emotion space, whereas AKL is not.
We compared AEG with a base-rate predictor as well as
the Gaussian-parameter approach [21], [25], which can be
considered as a state-of-the-art method for modeling the
emotion distribution from music signals. The idea of the
base-rate predictor is to use a fixed prior Gaussian distribution as the predicted result for every test excerpt, without
taking into account the acoustic features. The mean and
covariance of this prior Gaussian is computed from the joint
(global) annotations of the excerpts in the training set.
We employed support vector regression (SVR) [64] for
the Gaussian-parameter approach to train five independent
regression models for the mean and covariance parameters
of the emotion Gaussian of a song. Our implementation of
this ‘SVR’ approach was based on the free library LIBSVM
[89],12 along with the radial-basis function (RBF) kernel and
a grid parameter search to optimize the parameters for each
Gaussian parameter using inner cross-validation. We used
the heuristic described in Algorithm 2 to make the predicted
parameters of covariance valid.
Algorithm 2. Covariance regularization heuristic
1
2
3
4
5
6
7

Input: Covariance parameters fs ij gd;d
i;j¼1
for each diagonal element s ii do
if s ii 0 then s ii
0:01 ;
end
for each off-diagonal element s ij ði 6¼ jÞ do
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
if s ij > s ii s jj then s ij
s ii s jj ;
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
if s ij <  s ii s jj then s ij
 s ii s jj ;
end

As for AEG, the following parameter settings were further evaluated: i) frame-level acoustic features (either the
70-dimensional features or the 39-dimensional subset with
only MFCC-related features), ii) the number of latent topics
K (ranging from 16 to 512), iii) whether or not to employ
the annotation prior ( ¼ 0 or 1 defined in Section 3.2.1)
when learning the affective GMM, and iv) the fixed maximal number of iterations R (cf. Section 3.2.2). For instance,
“AEG-70D-APrior” denotes the model trained with the 70dimensional features and the annotation prior ( ¼ 1), and
“AEG-39D” denotes the model trained with MFCC features
but without the annotation prior ( ¼ 0). For MER60, we set
R ¼ 10. As for DEAP, we set R ¼ 10 when K 128 and
R ¼ 7 otherwise.
12. http://www.csie.ntu.edu.tw/~cjlin/libsvm
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Fig. 6. The AKL and AED (both the lower the better) for music emotion
recognition on MER60 and DEAP.

Figs. 6a and 6b show the evaluation result for MER60. It
can be observed that AEG consistently outperforms SVR
regardless of the value of K and the acoustic features. In particular, AEG-70D-APrior (K ¼ 32) significantly outperforms
SVR-70D in both AKL and AED (p-value < 1% under the
two-tailed t-test). Similar observations can be made from
Figs. 6c and 6d, which display the results for DEAP. For
DEAP, the performance difference between AEG-39DAPrior (K ¼ 256) and SVR-70D is also significant (p-value <
5% under the two-tailed t-test). This result, which demonstrates the superiority of AEG over SVR in modeling emotion, is not surprising, as SVR does not learn the Gaussian
parameters in a probabilistic way. Instead, AEG is by nature
designed to model the parametric distribution of emotion
annotations.
By comparing Figs. 6a and 6c, we see that the AKL of
MER60 is generally much larger than that of DEAP (1.0–2.5
vs. 0.45–0.65). This is possibly due to lower affective diversity of DEAP (which might lead to an overly optimistic
result for emotion recognition), as discussed in Section 4.3.13
Moreover, the following observations can be made
regarding the parameter settings of AEG.


Acoustic features. The 70-D feature vector leads to better AKL and AED for the diverse dataset, MER60,
but the MFCC-related one performs slightly better
for DEAP. For MER60, the performance of AEG70D-APrior is competitive even with small K,
whereas the case with AEG-39D-APrior requires
larger K to achieve better performance. Therefore,
the performance of different features appears to be
dataset-dependent.

13. In contrast, Figs. 6b and 6d are not comparable because the two
datasets use different scales (i.e., ½1; 1 vs. f1; ; 9g).
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Number of latent topics. The performance of AEG generally grows along with K until it saturates. This is
expected since with higher K one can obtain finer
acoustic feature modeling [59], [60], [61], [62], [63] at
the cost of increasing model complexity as well as
computational cost.
 Annotation prior. For both datasets, using the annotation prior consistently improves AKL but not AED.
AKL is improved possibly because the annotation
prior adds information regarding the annotation
covariance of each training excerpt to the update of
the model parameters (i.e., Eqs. (11) and (12)). However, this may introduce bias to the original annotation mean of a training excerpt and slightly harm
AED. Therefore, the benefit of the annotation prior is
not conclusive.
 Early stop. Smaller values of R not only avoid the singularity problem (cf. Section 3.2.2) but also prevent
overfitting to the training data. Because of this early
stop, AEG remains effective even when K is large.
However, we also observe that overly large K (e.g.,
512) would produce many redundant (overlapped)
component affective Gaussians. If a subset of component affective Gaussians are about overlapped, their
corresponding topics in the acoustic GMM are found
to be very similar. Therefore, using large K may
not empirically harm the accuracy of AEG, but it
degrades the efficiency.
In Table 2, we summarize the PWKL for the two datasets, and the AKL and AED for base-rate predictor, SVR,
and AEG (the latter two are with the best parameter settings). The base-rate predictor can be considered as a
“non-effective” (baseline) model, where its prior Gaussian typically holds a large covariance and a mean close
to the origin of the VA space. If a computational model
is uncertain of the emotion of an excerpt, it tends to give
a conservative estimate similar to a prior Gaussian,
instead of a Gaussian with random parameters; this is
especially the case for regression models [16]. Due to
this property, one can also regard the performance of
the base-rate predictor as additional measures of affective diversity for an emotion-labeled dataset. For example, we see that the AKL of base-rate is correlated with
PWKL.
Table 2 shows that AEG outperforms the two competing methods greatly. The AKL obtained by AEG reaches
1.193 and 0.453 for MER60 and DEAP, respectively,
which stands for 71.5 and 40.3 percent improvements
over the base-rate predictor. There is also a pronounced
performance difference between the base-rate predictor
and SVR, confirming that the prediction of either SVR or
AEG is effective.
Finally, in Fig. 7 we present the ground-truth emotion
annotations from the listeners and their corresponding
Gaussians (top row), and the predicted Gaussians by AEG70D-Aprior (K ¼ 32) (medium row) and SVR-70D [21] (bottom row) for six randomly selected clips of MER60. By comparing the three rows, it can be seen that the estimate of
AEG has smaller size (i.e., covariance) and relatively more
accurate position (mean) than that of SVR. This further validates the effectiveness of AEG.
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