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Introduction

Hao-Wen Dong

MusPy is an open source Python library for symbolic music generation. It
provides essential tools for developing a music generation system, including

Ke Chen

Examples

(a) Training data preparation pipeline

Julian McAuley
University of California San Diego

(b) Result writing pipeline

Generated data

Taylor Berg-Kirkpatrick

Experiments
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* Representation—event representation with 128 note-on, 128 note-off, 100

time-shift and 1 end-of-sequence events

dataset management, data I/O, data preprocessing and model evaluation. Remote m' * Data—64 time steps per sample (4 time steps per quarter note)
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