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ABSTRACT: Music and emotions are intrinsically connected [8, 7]. We explore how recent advances in machine learning can be used to predict
perceived emotion in music. Models of emotion in music have a large variety of applications in domains such as healthcare, entertainment, and music-
ology. First, we explored at the task of static emotion prediction, i.e., predicting one emotion (in terms of valence and arousal), from an entire song. This was
achieved using Triplet Neural Networks (TNNs) [9], which learn a compact latent space representation of audio features that is optimized to cluster songs per emotion
category. Second, dynamic emotion prediction, i.e. predicting how emotion changes throughout a song over time, was assessed using a variational autoencoder
(VAE) [3]. The resulting models from both tasks are able to efficiently disentangle audio features to create effective new representations for emotion prediction.

Static emotion prediction

Fig. 1: TNNs learn embeddings which minimize the distance between

positive samples, and maximize the distance between negative samples.

TNNs were initially intro-
duced for classification, not
for regression. We propose a
mechanism that allows
them to work in a re-
gression context [1]. By
using this method to define
positive samples (songs with the same emotion) and negative samples (songs with
a different emotion), we train the network (see Fig. 1) to learn a new, low di-
mensional feature representation that disentangles musical pieces based on the
perceived emotion.

Fig. 2: Visualisation of original (left) and learned (right) features.

Figure 2 shows a t-SNE projec-
tion [6] of the original features of
songs in the MediaEval Dataset [10],
as well as the learned features by
the TNN. It is apparent that the
new representation disentan-
gles the features such that they
are able to better distinguish dif-
ferent levels of valence and arousal
(marked in color).

Model Valence Arousal

SVM (6,669 dim.) 0.347 0.614
PCA-SVM (600 dim.) 0.087 0.224
TNN-SVM (600 dim.) 0.378 0.638

Tab. 1: Results (R2 score) for MediaEval 2013:
774 songs with 6,669 features each.

This new representation can then be used
as input to traditional classifiers such as
support vector machines (SVM). We tested
our approach on the MediaEval Dataset
[10], which resulted in a 90% fea-
ture dimension reduction with a 9%
improvement in valence prediction
and 4% improvement in arousal prediction with respect to a baseline
SVM model. When principal component analysis (PCA), a popular dimension
reduction method, was combined with the same classifier (SVM), the results were
far worse than for our TNN approach.

Dynamic emotion prediction

In dynamic emotion prediction, we continuously estimate the perceived emotion
(every 0.5s). Since what is previously heard (context) may influence current ratings
of perceived emotion, we opted to use a long-short term model (LSTM),
combined with a variational autoencoder (VAE). The strength of VAEs
is that they are able to learn disentangled latent representations [2], which have
exhibited superior performance given baseline features for emotion classification
in speech [5, 4].

.

Fig. 3: The VAE (left) and LSTM (right)

The VAE was given Mel-
spectrograms as input, and
was pretrained on a collec-
tion of over 2,800 audio files
from CAL500 (493), GTZAN
(1,000), and DEAM 2015
(1,313). No emotion labels
were needed for this pretrain-
ing, as it was unsuper-
vised.

The DEAM dataset was
used to evaluate our proposed VAE-LSTM dynamic emotion prediction system.
Our model was compared to a state-of-the-art model from Xu et al. [11], which
uses extreme learning machines and recurrent neural networks. We also compare
our system with LSTM-based approaches utilising different input processing: an
autoencoder (AE-LSTM) and a convolutional neural network (CNN-LSTM).

Fig. 4: Emotion prediction results in terms of

root mean square error (RMSE).

For valence, with a latent representation
of 32 dimensions, the AE-LSTM and
VAE-LSTM achieve comparable per-
formance with the BLSTM with 260-
dimensional OpenSmile features. For
arousal, the AE-LSTM performs
best with a much lower variance
and fewer features compared to Xu et
al. (6,373 song-level and 130 segment-level
features).

User Interface for Recommendation

Our models have been implemented in a web interface (see screenshots below), which
allows the user to:

1. pick a point in valence-arousal space to generate a list of songs that
match this emotion (left);

2. draw a valence and arousal profile and find songs that match the
desired evolution of emotion as closely as possible (right).

Fig. 5: Screenshot of the aiMuVi system.

Conclusions

Our proposed models are able to efficiently predict perceived emotions from
music. In follow up research, we are creating similar models for video. This will result in
a music recommendation system for videos based on perceived emotion. We are currently
implementing self-attention networks to further increase the accuracy of our predictions.
More info on our project can be found at dorienherremans.com/emotion.
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