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ABSTRACT
Music Dynamic Emotion Prediction is a challenging and
significant task. In this paper, We adopt the dimensional
valence-arousal (V-A) emotion model to represent the dynam-
ic emotion in music. Considering the high context correlation
among the music feature sequence and the advantage of Bidi-
rectional Long Short-Term Memory (BLSTM) in capturing
sequence information, we propose a multi-scale approach,
Deep BLSTM (DBLSTM) based multi-scale regression and
fusion with Extreme Learning Machine (ELM), to predict the
V-A values in music. We achieved the best performance on
the database of Emotion in Music task in MediaEval 2015
compared with other submitted results. The experimental
results demonstrated the effectiveness of our novel proposed
multi-scale DBLSTM-ELM model.

Index Terms— Music dynamic emotion prediction,
multi-scale, deep bidirectional long short-term memory, ex-
treme learning machine

1. INTRODUCTION

Music is an essential part of human life. In today’s digital
era, people can have access to music through network and
electronic products expediently. Emotion, as one of crucial
element in music, is significantly meaningful in real-world
applications. It can be applied to broad areas that include
massive music data management, personalized music recom-
mendation and psycho-music therapy.

There are several psychological emotion models. They
can be categorized into two classes: 1) discrete emotion s-
tates; 2) dimensional continuous emotion space [1]. Among
the second class, the valence-arousal (V-A) emotion model
proposed by Russel in [2] to depict the emotion in the 2D
plane is widely used, by which way the music dynamic emo-
tion prediction can be translated into the regression of V-A
value in music.
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Music dynamic emotion prediction in the dimensional e-
motion model is a big challenge. Many efforts have been
done in this field recently. The traditional regression meth-
ods, such as Multiple Linear Regression (MLR) [3], Support
Vector Regression (SVR) [4], have been applied in solving
this problem. However, the effectiveness of these traditional
regression methods are not prominent [5, 6, 7], partly because
these regression methods just get information from the single
annotated frame and do not take the context information in
the sequence into account.

In recent work, Long Short-Term Memory (LSTM) [8]
model has made a breakthrough in ’Emotion in Music Task’
in MediaEval 2014 [9] with its ability of accessing long range
previous context. Considering the process of composing, per-
forming and annotating music, the emotion within music is
not only associated with the previous context but also with
the future ones. In order to make use of context in both
time-based directions, Bidirectional Long Short-Term Memo-
ry (BLSTM) [8] appears to be a good choice. This can be seen
by its performance in numerous research involving sequence
modelling, such as large-vocabulary speech recognition [10]
and handwriting recognition [11]. The choice in this paper is
to choose Deep BLSTM (DBLSTM) as the regression model.
For all we know, it is the first time that DBLSTM is adapt-
ed to the task of emotion in music, and experimental results
demonstrate DBLSTM’s better performance in sequence re-
gression.

Although a BLSTM model has the ability to capture both
the previous and future contexts over a long period of time,
the information obtained by using BLSTM is still limited
by the length of the sequence. Therefore we have proposed
a multi-scale fusion approach based on Extreme Learning
Machine (ELM) to promote the performance of the BLSTM
model.

This paper is organized as follows. Section 2 describes the
multi-scale DBLSTM-ELM model. Section 3 provides the
setting and the process of the experiment. Section 4 gives the
experimental results and analysis. Section 5 is the conclusions
drawn from the experiment.
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2. DBLSTM-ELM MODEL

The section begins with a brief introduction to the DBLSTM
and ELM models, followed by a description of the structure
of our model.

2.1. Deep BLSTM

Neural networks have developing over time. Recurrent neural
networks (RNNs) is a significant branch of neural networks
that has shown a clear ability for the processing of sequence
and time. LSTM is a redesign of the RNN model around the
memory cell [12]. Compared with RNN, LSTM is better at
exploiting and storing information for long periods of time,
which is a benefit achieved from the use of special purpose-
built memory cells units [13]. Each memory block consists
of three gate units, which are input, output, and forget gates
which each separately have the ability to write, read and reset
the functionality of the cell [14]. Particular among the three
gates, forget gates are shown to be essential for very long in-
put sequence [15].

Although LSTM can have access to context for long peri-
ods of time, both LSTM and RNN can only get information
from the previous context, they can not make use of the future
context. As with the prediction of sequence, there is richer
purpose if this can be extended to exploit information in both
directions. Bidirectional RNNs (BRNN) perform this work
by processing the sequence with two separate hidden layers
in both the forward and backward direction [12, 16]. Fig. 1 il-
lustrates the architecture of BRNNs. As can be seen in Fig. 1,
the Inputs are fed forwards separately to the Forward Layer
from t=1 to T and the Backward Layer from t=T to 1 and then
the Forward and Backward Layer are fed forward to the same
Output Layer.

BLSTM is a combination of LSTM and BRNN [14]. Thus
the BLSTM not only can exploit context for long periods of
time, but also can have access to the context in both previ-
ous and future directions. This idea was developed from con-
sidering the deep feedforward network, in order to get better
representation of data, multiple recurrent hidden layers were
stacked on the top of each other, and so the final DBLSTM
model used in this paper was reached.

2.2. ELM

Extreme Learning Machine (ELM) [17] is a learning algo-
rithm for single-hidden layer feedforward neural networks
(SLFN). The input weights and hidden layer biases of SLFNs
are randomly assigned, and the output weights are analytical-
ly determined. For N arbitrary distinct samples (xi, ti) where
xi = [xi1, xi2,..., xin]T and ti = [ti1, ti2,..., tim]T , we have
a SLFN with Ñ hidden nodes and activation function g(x).
The input weights wi and bias bi is randomly assigned. To
decide the output weights, the hidden layer output matrix is
calculated in the following way [17]:

Fig. 1. Bidirectional RNN[13]

H(w1, ...,wÑ , b1, ..., bÑ ,x1, ...,xN )

=

 g(w1 · x1 + b1) · · · g(wÑ · x1 + bÑ )
... · · ·

...
g(w1 · xN + b1) · · · g(wÑ · xN + bÑ )


N×Ñ

where wi = [wi1, wi2, ..., win]
T is the weight vector con-

necting the ith hidden node and the input nodes, βi =
[βi1, βi2, ..., βim]T is the weight vector connecting the ith
hidden node and the output nodes, bi is the threshold of the
ith hidden node, and g(x) is the activation function.

The output weight β is calculated: β = ĤT, where Ĥ is
the Morre-Penrose generalize inverse of matrix H and T =
[t1, t2, ...tN ]T , T is a N ×m matrix.

2.3. Model Structure

The proposed model was reached by the combination of D-
BLSTM and ELM models. The DBLSTM-ELM model struc-
ture was as is presented in Fig. 2. In Fig. 2, m1,...mk represent
the DBLSTM models with different sequence lengths. The
DBLSTM models with different sequence length provide the
temporary predictions first, then the ELM model accomplish-
es the fusion of multi-scale results.

oi = [o1, ..., ot]
T , is the output of the DBLSTM model

mi, t is the sequence length. di is the differential of oi while
si denotes the value of oi after smoothing. Combining oi, di

and si, produced a supervector W = [o1,d1, s1, ...,ok,dk, sk]
as the input to ELM. The output of ELM is the final result.

3. EXPERIMENT SETTINGS

3.1. Data and Feature

The data used was sourced from the Emotion in Music task in
MediaEval 2015 [18]. The organizers provided the develop-
ment set which consisted of 431 clips of 30 seconds annotated
with precise V/A values every 500 ms from different songs,
with the songs themselves appended. The evaluation set con-
sisted of 58 full-length songs. There was a need to predict
both A and V values every 500 ms for the 58 complete songs.

The organizers also provided a baseline feature set of the
development set and the test set. The baseline feature set
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Fig. 2. Framework of DBLSTM-ELM

was extracted with openSMILE, and consisted of 260 low-
level features including the mean and standard deviation of
65 low-level acoustic descriptors, and their first-order deriva-
tives [18].

3.2. Model Training

3.2.1. Data Partition

In total there were five different data partitions, 411 clips as
training data and 20 clips as validation data. The 20 validation
data were randomly selected according to the genre distribu-
tion of the test data (the 58 complete songs), there was no
overlap between the five sets of validation data.

3.2.2. DBLSTM Training

Separately the DBLSTM model was trained for valence and
arousal regression. In order to find the best network structure,
the performance of DBLSTM models were compared with
different number of layers and units on the validation data.
The number of layers that were trialed were altered from one
to six. With respect to the number of units, these were trialed
for 100, 150, 200, 250 and 300. Finally the DBLSTM model
with five layers and 250 units was used.

The first two layers were pre-trained with features of 431
full-length songs in the way similar to the training of an au-
toencoder. The weights in the other three layers were initial-
ized using random numbers with zero mean and standard de-
viation 0.1. Training with learning rate 5E-6 and momentum
0.9 was stopped after a maximum of 100 iterations or after 20
iterations if there was no new best error on the validation data.
To alleviate over-fitting, Gaussian noise with zero mean and
standard deviation of 0.6 was added to the input sequence,
and sequences were presented in random order during train-
ing. All DBLSTM models were trained with CURRENNT.1

1http://sourceforge.net/p/currennt

Four kinds of DBLSTM models were trained with differ-
ent sequence scales of 10, 20, 30 and 60, respectively. Each
kind of model was trained with the five data partitions for
three trails, finally producing 15 models for each sequence
scale.

3.3. Model Selection

In order to select four models with different sequence scales
for fusion, two different criteria were applied separately to
become two groups of four models. The first criterion was
Root Mean Square Error (RMSE) which initially selected the
model with the best RMSE for each sequence scale, while the
second one considered both the RMSE and the data partition
in order to guarantee the training sets of the selected models
would be different from each other. This was done for valence
and arousal separately. In the experiments, for both valence
and arousal, there were two models shared by the two groups.
In summary, there were six unique models for fusion.

3.4. ELM Training

ELMs were trained for valence and arousal separately. The
output of 20 DBLSTMs of the four scales on the five valida-
tion sets were used for the training. Each of the 20 DBLSTMs
chosen was the best of the 3 trials performed with the same
scale and on the same train set. The outputs of the DBLSTM
models were used with their delta derivatives and smoothed
values to compose the supervectors, which were then input to
the ELM for training.

3.5. Emotion Prediction for Test Data

The 58 complete songs in the test set were cut into four d-
ifferent lengths: 10, 20, 30 and 60 half-seconds. Then the
test set data, now in different lengths, was used in order to
predict using the corresponding DBLSTM models in the two
model groups (selected by the two model selection criteria, as
outlined in 3.3 above). Then, in order to fuse the prediction-
s of selected DBLSTMs of different scales, the DBLSTMs’
output together with their delta derivatives and smoothed re-
sults were composed into a supervector, which was input to
the trained ELM model. Then the two sets of fused predic-
tions of the two model groups were averaged to produce the
final prediction of V/A values. In addition to this fusion pol-
icy, another fusion was created by averaging the predictions
produced by all six models for comparison.

4. RESULTS AND DISCUSSION

To evaluate the performance of the DBLSTM-ELM model,
two objective experiments were conducted. The prediction
accuracy was evaluated with RMSE.
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4.1. Performance of DBLSTM with Different Length

Table 1 presents the result for the first experiment using D-
BLSTM with different sequence lengths on the validation set
and test set. We note that the error on the test data was much
higher than the one on the validation data. For one thing there
was a mismatch between the development and test sets in
terms of the data sources (FMA versus medleyDB and jamen-
do); for another, the development data was selected from Me-
diaEval2014 dataset to maximize inter-annotator agreement
(the Cronbach’s α is 0.76± 0.12 for arousal, and 0.73± 0.12
for valence), while on test set, that is 0.65± 0.28 for arousal,
and 0.29± 0.94 for valence.

The results on the validation set show the DBLSTM mod-
els’ effectiveness in music affective computing. Table 1 sug-
gests that the regression accuracy of DBLSTM was related to
the sequence length. With valence values on test set, larger
scales tended to produce more accurate predictions; whereas
for arousal values smaller scales gave a better performance on
the test set. On test set, the model with length of 60 gave the
best results on valence, whereas for arousal the model with
length of 10 performed best. The performance of models
with length of 20 and 30 was about equal on both valence
and arousal.

4.2. Results after Multi-Scale Fusion

Table 2 presents the RMSE after the multi-scale fusion in the
second experiment. The results in the first and third row of
Table 2 were from the submission of the Emotion in Music
task for which different pre-training data were used. The
pre-training data included the 431 clips of 30 seconds from
the development set, together with the 58 full songs from the
test set. It can be seen that when the test set is included dur-
ing pre-training process, the accuracy of prediction improved
marginally.

The results in the second and fourth row of Table 2 were
the fusion of the regression results in Table 1. Compared with
Table 1, it can be observed that the fusion methods of both
average (AVG) and ELM performed better overall than pre-
dictions given by a single scale. In detail, both fusion meth-
ods outperform the four kinds of DBLSTM with valence, as
for arousal, the results fusion methods were only marginally
worse than for DBLSTM with 10 sequence-length and better
than the other three variants. It can be also seen that ELM
gave better results than AVG in regards to valence and that
AVG outperformed ELM with respect to arousal.

4.3. Comparison with Other Works

The results presented in Table 3 each came from the Emo-
tion in Music task using the same baseline features as out-
lined in 3.1 above. For both valence and arousal, DBLSTM-
based fusion method gets the best results. Compared with Ta-
ble 1, DBLSTM models with any sequence length performs

better than LSTM model on valence, and on arousal all ex-
cept sequence length 60 get better results than LSTM model,
which demonstrates the effectiveness of capturing informa-
tion in both previous and future directions for music dynamic
emotion prediction.

Table 1. RMSE of DBLSTM models with different sequence
length

Sequence
Length

Validation Data Test Data
V-RMSE A-RMSE V-RMSE A-RMSE

10 0.181 0.157 0.364 0.231
20 0.188 0.152 0.360 0.241
30 0.180 0.148 0.363 0.240
60 0.162 0.151 0.333 0.279

Table 2. RMSE of V/A after multi-scale fusion
The content in the parenthesis is the data used in pre-train, ’431x30’

represents the 431 clips with length of 30 seconds, ’58-full’
represents 58 full-length songs in test set, ’431-full’ represents 431

full-length songs in the training set
Fusion(Pre-train) V-RMSE A-RMSE

AVG(431x30, 58-full) 0.331 0.230
AVG(431-full) 0.331 0.233

ELM(431x30, 58-full) 0.308 0.234
ELM(431-full) 0.318 0.239

Table 3. RMSE of different regression models
Model V-RMSE A-RMSE

MLR [19] 0.366 0.270
SVR [20] 0.366 0.255

RNN+smooth [21] 0.365 0.247
LSTM [22] 0.373 0.242

5. CONCLUSIONS

This paper presents a proposal to apply DBLSTM-based
multi-scale regression and fusion with ELM in order to pre-
dict the value of V/A in music. The experimental DBLSTM
model used presented an advantageous position over that of
other regression models in sequence processing, and multi-
scale fusion was seen to further enhance its performance. On
further investigation, it was also discovered that the perfor-
mance of DBLSTM was related to the sequence scale.

In future work, we would intend to explore the effect of d-
ifferent sequence lengths on the performance of the model and
the performance of the DBLSTM when there is a mismatch-
ing of the length of training sequences and testing sequences.
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