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ABSTRACT

While emotion-based music organization is a natural pro-
cess for humans, quantifying it empirically proves to be a
very difficult task, and as such no dominant feature repre-
sentation for music emotion recognition has yet emerged.
Much of the difficulty in developing emotion-based fea-
tures is the ambiguity of the ground-truth. Even using the
smallest time window, opinions about emotion are bound
to vary and reflect some disagreement between listeners.
In previous work, we have modeled human response la-
bels to music in the arousal-valence (A-V) emotion space
with time-varying stochastic distributions. Current meth-
ods for automatic detection of emotion in music seek per-
formance increases by combining several feature domains
(e.g. loudness, timbre, harmony, rhythm). Such work has
focused largely in dimensionality reduction for minor clas-
sification performance gains, but has provided little insight
into the relationship between audio and emotional associ-
ations. In this work, we seek to employ regression-based
deep belief networks to learn features directly from mag-
nitude spectra. Taking into account the dynamic nature of
music, we investigate combining multiple timescales of ag-
gregated magnitude spectra as a basis for feature learning.

1. INTRODUCTION

The problem of automated recognition of emotional con-
tent (mood) within music has been the subject of increasing
attention among the music information retrieval (Music-
IR) research community [1]. While there has been much
progress in machine learning systems for estimating hu-
man emotional response to music, little progress has been
made in terms of intuitive feature representations. Cur-
rent methods generally focus on combining several fea-
ture domains (e.g. loudness, timbre, harmony, rhythm) and
performing dimensionality reduction techniques to extract
the most relevant informaiton. In many cases these meth-
ods have failed to provide enhanced classification perfor-
mance, and they leave much to be desired in terms of un-
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derstanding the complex relationship between emotional
associations and acoustic content.

The Music Information Retrieval Evaluation eXchange
(MIREX) 1 audio mood classification task provides an ex-
cellent illustration of this. Shown in Figure 1 is the per-
formance of MIREX submissions for each year. The first
year MIREX ran the task it received 9 submissions, and
the best performing system achieved 61.50% performance
on the 6-class problem using a feature space spanning 16-
dimensions [2]. Each year the task has received a larger
number of submissions, with exponentially larger feature
libraries, but have failed to produce significant perfor-
mance gains. Most recently, in 2010 the task received 36
submissions with the best system mining a 70-dimensional
feature space, but achieved only 64.17% [3]. These results
perhaps indicate that the data necessary for informing sys-
tems for this problem is not present in any current feature
set.

Human judgments are necessary for deriving emotion
labels and associations, but individual perceptions of the
emotional content of a given song or musical excerpt are
bound to vary and reflect some degree of disagreement be-
tween listeners. This lack of specificity presents signifi-
cant challenges for developing informative feature repre-
sentations for content-based music emotion prediction. In
previous work we have investigated modeling emotional
responses to music as both a singular point [4] as well as a
stochastic distribution [5] over the arousal-valence (A-V)
space of emotional affect. In this two dimensional repre-
sentation valence indicates positive versus negative emo-
tion and arousal reflects emotional intensity [6].

The ambiguous nature of musical emotion makes it an
especially interesting problem for the application of fea-
ture learning. Using deep belief networks (DBNs) [7] we
develop methods for learning emotion-based acoustic rep-
resentations directly from magnitude spectra. In previous
work, we have found these models to be powerful meth-
ods for generating reduced dimensionality representations
of raw input spectra [8]. In that approach, we learned fea-
tures directly from spectra at the 20msec rate of our win-
dowed Short-Time Fourier Transform (STFT). In doing so,
we provided a direct comparison between the DBN model
for extracting features to standard acoustic representations
such as MFCCs.

1 http://www.music-ir.org/mirex
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Figure 1. MIREX mood classification task performance
by year.

But as humans require a larger time window than
20msec to determine emotions, and building upon that
work we seek to improve our performance by informing
our learned feature representations with spectra aggregated
at multiple timescales. In addition, we investigate a univer-
sal background model (UBM) approach to feature learn-
ing. As DBN training follows an unsupervised pretrain-
ing, we investigate bootstrapping a much larger unlabeled
dataset in developing our models. Given the challenges of
collecting emotion annotated data, pretraining on a limited
dataset is insufficient to form a general music model for
finetuning. By bootstrapping a larger dataset we demon-
strate significant improvement in using our DBN models
for emotion prediction, and modest gains when using our
learned features in a separate supervised machine learning
approach.

We compare the learned feature representations to other
state-of-the-art representations investigated in prior work
[4, 5, 9]. In these experiments, we use the DBN hidden
layer outputs as features to predict the training labels us-
ing a separate linear regression model. In all experiments
we show that the features generated by the DBN outper-
form all other features, and that the topology is especially
promising in providing insight into the relationship be-
tween acoustic data and emotional associations.

2. BACKGROUND

Feature learning has only recently gained attention in the
machine listening community. Lee et al. was the first to ap-
ply deep belief networks to acoustic signals, employing an
unsupervised convolutional approach [10]. Their system
employed PCA to provide a dimensionality reduced repre-
sentation of the magnitude spectrum as input to the DBN
and showed slight improvement over MFCCs for speaker,
gender, and phoneme detection.

Hamel and Eck applied deep belief networks (DBNs) to
the problems of musical genre identification and autotag-
ging [11]. Their approach used raw magnitude spectra as
the input to their DBNs, which were constructed from three
layers, employing fifty units at each layer. The system was
trained using a greedy-wise pre-training and fine-tuned on
a genre classification dataset, consisting of 1000 30-second
clips. The system took 104 hours to train, and as a result
was not cross-validated. Applied to a genre classification

task, the learned features achieved a classification accuracy
of 0.843, which was an increase over MFCCs at 0.790. The
learned model was also used to inform an autotagging al-
gorithm, which scored 0.73 in terms of mean accuracy, a
slight improvement over MFCCs at 0.70.

3. GROUND TRUTH DATA COLLECTION

In prior work, we developed an online collaborative anno-
tation activity based on the two-dimensional A-V model
[12]. In this activity, participants use a graphical inter-
face to indicate a dynamic position within the A-V space
to annotate 30-second music clips. Each subject provides
a check against the other, reducing the probability of non-
sense labels. The song clips used are drawn from the “us-
pop2002” database. 2 Using initial game data, we con-
structed a corpus of 240 15-second music clips, which
were selected to approximate an even distribution across
the four primary quadrants of the A-V space.

In more recent work we have developed a Mechanical
Turk (MTurk) activity to collect annotations on the same
dataset [13]. The purpose of the MTurk activity was to
provide a dataset collected through more traditional means
to assess the effectiveness of the game, specifically to de-
termine any biases created though collaborative labeling.
Overall, the datasets were shown to be highly correlated,
with arousal r = 0.712, and a valence r = 0.846. This
new dataset is available to the research community, 3 and is
densely annotated, containing 4, 064 label sequences in to-
tal, 16.93±2.690 ratings per song. In this work we demon-
strate the application of this densely annotated corpus for
emotion-based feature learning.

4. ACOUSTIC FEATURE COLLECTION

Since our focus is on learning features that are specifi-
cally tuned to emotion prediction, we limit our compar-
isons to features that performed well in previous work.
The features are also commonly used in the machine lis-
tening community and provide a reasonable baseline for
testing. Our collection (Table 1) consists of the two highest
performing features in prior work, Spectral Contrast and
MFCCs [4,5], as well as the Echo Nest Timbre (ENT) fea-
tures.

Feature Description

Spectral Contrast
[14]

Rough representation of the harmonic
content in the frequency domain.

Mel-frequency
cepstral coefficients
(MFCCs) [15]

Low-dimensional representation of
the spectrum warped according to the
mel-scale. 20 dimensions used.

Echo Nest Timbre
features (ENTs) 4

Proprietary 12-dimensional beat-
synchronous timbre feature

Table 1. Acoustic feature collection for music emotion
prediction.

2 http://labrosa.ee.columbia.edu/projects/musicsim/uspop2002.html
3 http://music.ece.drexel.edu/research/emotion/moodswingsturk
4 http://developer.echonest.com



5. DEEP BELIEF NETWORKS

A fully trained deep belief network shares an identical
topology to a neural network, though they offer a far-
superior training procedure, which begins with an unsu-
pervised pre-training that models the hidden layers as re-
stricted Boltzman machines (RBMs) [7,16,17] . A graphi-
cal depiction of an RBM is shown in Figure 2. An RBM is
a generative model that contains only a single hidden layer,
and in simplistic terms they can be thought of two sets of
basis vectors, one which reduces the dimensionality of the
data and the other that reconstructs it.

Hidden

Layer

Visible

Layer

Figure 2. Restricted Boltzman machine topology.

RBMs are Markov random fields (MRFs) with hidden
units, in a two layer architecture where we have visible
units v and hidden units h. This has an energy function of
the form,

E(v,h) = −
∑
i∈freq

bivi −
∑

j∈features

cjhj −
∑
i,j

vihjwij (1)

where in this case the input is a spectrogram v ∈ R1×I and
the hidden layer h ∈ R1×J . The model has parameters
W ∈ RI×J , with biases c ∈ R1×J and v ∈ R1×I . Dur-
ing pre-training, we learn restricted Boltzman machines
“greedily,” where we learn them one at a time from the
bottom up. That is, after we learn the first RBM we retain
only the forward weights, and use them to create the input
for training the next RBM layer.

As in the typical approach to deep learning, after pre-
training we form a multi-layer perceptron using only the
forward weights of the RBM layers. However, in typi-
cal approaches the final step is to attach logistic regres-
sion layer to the output of the MLP, and the full system is
fine-tuned for classification using gradient descent. Since
our goal is to learn feature detectors for a regression prob-
lem, we instead attach a simple linear regression layer
and report the prediction error for fine-tuning as the mean
squared error of the estimators. Squared error is chosen
as opposed to Euclidean error for speed and numerical sta-
bility, as both functions have the same minimum. Further-
more, we elect to do our fine-tuning using conjugate gradi-
ent optimization, which we found to outperform gradient
descent for our topology during initial testing.

We trained our DBNs using Theano, 5 a Python-based
package for symbolic math compilation, and Scipy’s opti-
mization toolbox for the conjugate gradient optimization.
Theano is an extremely powerful tool for machine learn-
ing problems because it combines the simplicity of Python

5 http://deeplearning.net/software/theano/

with the power of compiled C, which can target the CPU
or GPU.

6. EXPERIMENTS AND RESULTS

In the following experiments we investigate employing
deep belief networks for emotion-based acoustic feature
learning. In all experiments, the model training is cross-
validated 5 times, dividing the dataset into 50% training,
20% verification, and 30% testing. To avoid the well-
known album-effect, we ensured that any songs that were
recorded on the same album were either placed entirely in
the training or testing set.

All learned features are then evaluated in the context of
multiple linear regression (MLR), as we have investigated
in prior work [4,5,18]. MLR provides extremely high com-
putational efficiency, making it ideal for discriminating be-
tween relative usefulness of many feature domains.

6.1 Short-time Feature Learning

In the first set of experiments, we investigate learning fea-
tures directly from short-time magnitude spectra. We have
investigated this approach in prior work in the context of
a different dataset [4], and we investigate it here to com-
pare performance with the Turk dataset and to provide a
baseline for our further work. As with our previous work,
we use 3 hidden layers in all experiments, each containing
50 nodes. Furthermore, we run pre-training for 50 epochs
with a learning rate of 0.001. During the conjugate gradi-
ent fine-tuning stage we attach an additional multiple linear
regression (MLR) layer to the output of the DBN. As this
stage is supervised, for each input example xi, we train the
model to produce the emotion space parameter vector yi,

yi = [µa, µv]. (2)

Shown in Table 2, are the results for employing the
learned features for multiple linear regression. Features
are first extracted on 20msec intervals, and then appropri-
ately aggregated to match the one second intervals of our
labels. Results for these features which are learned from
single frames are shown as DBN-SF. We additionally show
the KL-divergence for the Gaussian ground-truth represen-
tation used in prior work [5, 18]. Where we develop re-
gressors to predict the parameterization vector yi of a two-
dimensional Gaussian in A-V space,

yi = [µa, µv, σ
2
aa, σ

2
vv, σ

2
av]. (3)

6.2 Multi-frame Feature Learning

While future work on more sophisticated fine-tuning ap-
proaches or better stochastic models in pre-training may
improve performance, the largest issue is the inherent lim-
itation in using a single short-time window. Human emo-
tional associations necessarily require more than a ∼20ms
short-time window, and thus future approaches must take
into account the variation of acoustic data over a larger
period of time. In these experiments we investigate the
development of models that incorporate multiple spectral
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Figure 3. Feature learning system architecture showing the temporal aggregation, deep belief network and subsequent
training of linear regressors to predict multi-dimensional A-V distributions.

windows to derive musical emotion. Taking spectral ag-
gregations of the past one second, past two seconds, and
past four seconds, we concatenate the resulting vectors
as inputs to the system. As each spectrum frame is 257-
dimensional vector, the total DBN input is now 771 di-
mensions. A diagram showing the multi-rate temporal in-
tegration, DBN training and linear regression to the emo-
tion space is shown in Figure 3. Results for multi-frame
(MF) feature learning can be found in Table 2 labeled as
DBN-MF.

For this new approach, we provide visualizations of the
learned features. Figure 4 shows the input spectrogram in
log-magnitude for proper visualization, though we do not
take the log for the actual model input.

Figure 4. Log-magnitude spectrogram of input audio.

In the original spectrogram (Figure 4) we see the verse
transition into the first chorus of the Soulive rendition of
the Beatles song Come Together starting around frame 500.
We see a similar pattern in the spectrogram between frames
1488-1800, which is the only other part of the clip where
the percussion includes cymbals. Shown in Figure 5 are
the resulting features from the intermediary layer outputs.
Note that the structural information in the spectrogram is
retained in the hidden layer outputs rendered in Figure 5.

We also wish to investigate the reconstruction of the
original input aggregated spectrogram from the hidden
layer outputs. Figure 6 depicts this reconstruction which

Figure 5. DBN hidden layer outputs using the aggregate
spectral frames as input.

was generated using the method outlined in previous work
[8]. Due to the concatenations of multiple time scale ag-
gregations, we adjust the y-axis to display the correct fre-
quency values for each. The top contains the last one sec-
ond aggregations, below that is the aggregation from the
last two seconds, and the last four seconds is at the bottom.

6.3 Universal Background Model Feature Learning

In order to improve our results with the multi-frame ap-
proach, we seek to harness the power of our much larger
unlabeled music dataset. As DBN training relies on a two
step training process, the first of which is unsupervised,
there is no reason we should not use every piece of avail-
able data. In training our RBMs with our larger dataset,
we get a much more accurate portrail of the distribution of
music, and therefore create a much more accurate music
model, which we can then finetune for musical emotion,



Figure 6. Reconstruction of the original aggregated spec-
trogram used as the DBN input. Top is last one second
aggregates, middle last 2 seconds, bottom last 4 seconds.

or any other supervised machine learning problem. As this
model is a general music model, we refer to it as a univer-
sal background model (UBM). For our larger dataset we
use the uspop2002 dataset in its entirety, which contains
nearly 8000 songs. Even after aggregating our spectra at
one-second intervals this adds up to ∼26 GB of training
data. Results for the universal background model approach
are shown in Table 2 as DBN-UBM.

Feature Average Mean Average KL
Type Distance Divergence

MFCC 0.140± 0.005 1.28± 0.157
Chroma 0.182± 0.006 3.33± 0.294
Spectral Shape 0.153± 0.006 1.51± 0.160
Spectral Contrast 0.138± 0.005 1.29± 0.160
ENT 0.151± 0.006 1.41± 0.175

DBN-SF Model Error 0.203± 0.009 -
DBN-SF Layer 1 0.138± 0.005 1.25± 0.142
DBN-SF Layer 2 0.133± 0.004 1.19± 0.129
DBN-SF Layer 3 0.133± 0.002 1.21± 0.180

DBN-MF Model Error 0.194± 0.032 -
DBN-MF Layer 1 0.131± 0.006 1.15± 0.106
DBN-MF Layer 2 0.131± 0.004 1.14± 0.107
DBN-MF Layer 3 0.129± 0.004 1.12± 0.114

DBN-UBM Model Error 0.140± 0.015 -
DBN-UBM Layer 1 0.129± 0.006 1.12± 0.091
DBN-UBM Layer 2 0.128± 0.004 1.13± 0.097
DBN-UBM Layer 3 0.128± 0.004 1.11± 0.090

Table 2. Emotion regression results for fifteen second
clips. DBN-SF are features learned from single frames
(SF), DBN-MF are features learned from multi-frame
(MF) aggregations, and DBN-UBM are features learned
with a universal background model (UBM) approach to
DBN pretraining. KL-divergence is not applicable to
model error.

7. DISCUSSION AND FUTURE WORK

In looking at the first set of results for learning features
from single frames (DBN-SF), we see second layer fea-
tures perform best for this method, outperforming spec-
tral contrast, which is the best performing standard fea-
ture. This result is consistent with prior work [8], though

here we find the DBN-SF features to be better than spectral
contrast both in predicting single points and distributions.
In that work we found the DBN features to be more ac-
curate in terms of mean prediction and spectral contrast to
perform slightly better in terms of KL, though we strongly
emphasized an incorrect mean to be a much worse an error
than an incorrectly sized or rotated covariance.

In trying to improve our features by including multiple
timescales we see improvement in mean error from 0.133
to 0.129, which is encouraging. In analyzing the recon-
structed spectra from first layer features, we get a very in-
teresting result, which is similar to our prior work with [8].
The overall representation if very sparse in terms of fre-
quency and seems to target very specific frequencies to
contribute to the overall emotion features. Analyzing the
features in Figure 5, we note that there is most definitely an
emotion change as we progress from the slower and heav-
ily minor sounding verse into the higher tempo rock cho-
rus. We see changes reflected in all three layers’ features
in that area of the clip. We also note that it appears as if the
features don’t exactly line up with the spectrogram, which
is a result of including past data in our feature computa-
tion. When the spectrum changes abruptly it takes several
frames for our model to catch up. We do not see this as a
limitation as humans have a reaction time too, which per-
haps is reflected in the fact that these features are better
suited for time-varying emotion prediction.

At a normalized error of 0.128, our simple MLR
method with DBN features outperforms two of the three
features investigated in our prior work with conditional
random fields (CRFs) [19], which is a much more sophis-
ticated method. Furthermore, while the performance in-
crease between the third layer features of DBN-MF and
DBN-UMB is small, the performance of the DBN model
itself is reduced from 0.194 to 0.140, which we find to be
highly encouraging. These results indicate that UBM pre-
training is providing us a model that is much better suited
for emotion finetuning.

In future work, we plan to investigate shrinking layer
sizes in the UBM approach where we can perhaps take bet-
ter advantage of the dimensionality reduction power of the
RBM. Furthermore, we see that it may be interesting to
investigate multiple stages of finetuning. We would first
follow the approach of [7] for reducing the dimensionality
of unlabeled data. It may be possible to gain a more accu-
rate UBM by applying a finetuning stage that involved un-
raveling the model to reconstruct the unlabeled data. Those
model parameters could then be adapted to emotion, or any
other type of music prediction.
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