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Survey For Music By Automatic Music Generator

Thank you for participating in the survey. This survey will take about 20 minutes.

https:/drive.google.com/file/d/1axp61clolpYffZmqgY2algy8sBw23bx4T/view?usp=sharing

Please download the music through the link above. There are music.zip file, and it contains
8 songs which has name 1,2, ..., 8.

The songs given include music automatically generated by various Automatic Generators
and songs written by real people. Each song has about 15 seconds.

You can evaluate the given songs with a score for the categories Creativity, Comfortability,
Reality, and Musicality. for each item: 5 points is the best indicator.

Details for categories:

Creativity : If the possibility of using a given rhythm is enormous, or if you think it has not
existed before, it has high creativity points.

Comfortability : For any reason, if there are many inconvenient elements to listen to, the
song may be less comfortability points.

Reality : If a given song seems to be composed by a human, it has high reality points.

Musicality : Including the above elements, you can judge the level of music by considering
all the factors you can think of. 5 points for best song.

Mturk Code appears at final page.

~ELYS

1. 0. enter your Worker ID. (For checking HIT)

1% 4.5: Mturk A-EZAF 9] 5HA.

Musicy} # 353 5-50] 142 A9ieh
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Songs Creativity Comfortability Reality Musicality

dlo] g Al 2°HPOP9I09) 3.483 3.717 3.783 3.967

Midinet 2-2t 34 3.683 3.567 3.683

FLAGNet 2¢H(DCGAN) 3.5 3.767 3.867 3917

FLAGNet 2°H(MCDCGAN) 3.55 3.933 3.8 3.95
F 4.3: Mturk A2 ZAF A3te] HH4-S A9t E
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ABSTRACT

The technology for automatic music generation has been very actively studied in
recent years. However, almost in these studies, handling domain knowledge of mu-
sic was omitted or considered a difficult task. In particular, research that analyzes and
applies the characteristics of each bar of music is rare, even though it is essential in hu-
man composition. We propose a model that generates music by handling the musical
characteristics of bars and priming note conditions. We first analyze symbolic mu-
sic data as piano-roll based method with a relational pitch approach, which increases
the utilization of the piano-roll based MIDI encoding method and enables the use of
generational results extensively. We have trained a model to generate these data with
priming notes condition and musical skill label, by the multi-vector conditional deep
convolutional generative adversarial network. The part related to the musical skill con-
dition, we analyzed the good combination of the sequence of which characterized bars,
simply done by Recurrent Neural Network with Long short Term Memory and Gated
Recurrent Unit layer. While handling inputs like a minimum unit of note, length of mu-
sic, or chart scales, the resulting model FLAGNet can generate impressive symbolic

music.

Keywords: Music Generation Model, Symbolic Music, Relational Pitch Pianoroll

Encoding, Multi-vector Conditional Deep Convolutional Generative adversarial

Network
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