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A polyphony music generation system based on latent features and
a recurrent neural network

MIAO Beichen', GUO Weian’, WANG Lei'

(1. College of Electronics and Information Engineering, Tongji University, Shanghai 201804, China; 2. College of China and Ger-
man, Tongji University, Shanghai 201804, China)

Abstract: Music generation is a research area that uses algorithms to generate sequences with characteristics of music.
Focusing on the problem of feature extraction from music samples and automatic music compositions, this paper pro-
poses a polyphony music generation algorithm based on musical latent features and a recurrent neural network (RNN).
The proposed algorithm uses a stacked autoencoder to extract latent features from of music sequence notes at each time
step; the algorithm then uses long-short term memory RNNs to build a music generation system in the form of sequence
prediction. The simulation results show that this algorithm can generate polyphony music with better melody and chord
matching.
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Over the past five years, we witnessed the world we live in entirely disrupted by improvements in artificial intelli-
gence (Al), machine learning and control engineering. Algorithms and machine learning are trading millions of dollars
in financial markets; they are predicting what people want to search for online; facial recognition helps police identify
criminals. Soon, Al could be driving our cars and trains even airplanes, Intelligent Robotic and Control Engineering will
have a fundamental impact on the society in the next few years.

2019 The 5th International Conference on Control, Automation and Robotics (ICCAR 2019) will take
place at Beijing, China during April 19—22, 2019. On the theoretical side, this conference features papers
focusing on intelligent systems engineering, distributed intelligence systems, multi-level systems, intelli-
gent control, multi-robot systems, cooperation and coordination of unmanned vehicle systems, etc. On the
application side, it emphasizes autonomous systems, industrial robotic systems, multi-robot systems, aerial
vehicles, underwater robots and sensor-based control.

Under the background of China’s National strategies, such as “Made in China 2025” and “A New Gen-
eration of Artificial Intelligence Development Plan”, we believe ICCAR 2019 would be the platform for aca-
demic exchanges, thought collisions, inspiration, and results sharing, we do wish all the participants take this opportun-
ity to have future international collaborations.

ZUUE M - http://www.iccar.org/
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