Automating music stimuli creation and analyses: A music synthesis
algorithm for producing ground truth data
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Limitations. Manually labelling and transcribing
music is time consuming—this process cannot
scale to today's music collections—and is
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Pachet 2003). . music.
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2. There has been little work investigating the
validity of music labels arp
3. There is little known about how to create music J- ==— J. Permutation and

with specific labels. :rl—_'-
| gejp-  Combination

.« This process can confirm that listeners perceive
. changes in stimuli as expected. '

.

References

listeners.

. Parameters from Step 2 are randomly sampled. Aucou’flurier, Jea.n-JuIien,. and Francois Pachet.
The present research aims to improve the way we | | | @ 6 |ldentification - 2003. "Representing Musical Genre: A State of the
use music labels by defining compositional and | They are combined to form musical excerpts (as | ' . Art.” Journal of New Music Research 32 (1): 83-93.
performance  parameters to automatically i .midifiles) based on the sequence in Step 1. . . https://doi.org/10.1076/jnmr.32.1.83.16801.
generate music datasets with corresponding | ‘ , - Dong, Mingwen. 2018. “Convolutional Neural
labels (eliminating biased ground-truth datasets). I . . . . Models are trained and tested on features from ggl’qurVGOFk Achieves (Iglllejlrsns?f?c;?x)er:.ﬁccuracy In I\Q:J)Zl\f
Additionally, we aim to use such generated | [r— Step 6 to predict input parameters. . http://arxiv.org/abs/1802.09697. ’
datasets to train computer models to predict : [ @ [ @ 5 5
labels, and be validated (verified) by human ‘P @


https://doi.org/10.1076/jnmr.32.1.83.16801
http://arxiv.org/abs/1802.09697
https://orcid.org/0000-0002-4763-7565
https://orcid.org/0000-0002-4763-7565
https://orcid.org/0000-0001-6699-750X
https://orcid.org/0000-0001-6699-750X

