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SHAIRO]: 2o A, T = 7|HH AYA], A& A4 A1 737, Bidirectional Long Short-Term Memory (BLSTM)

ABSTRACT: This paper proposes a music generation technique that automatically generates trot music using a
Generative Adversarial Network (GAN) model composed of a Recurrent Neural Network (RNN). The proposed
method uses a method of creating a chord as a skeleton of the music, creating a melody and bass in stages based
on the chord progression made, and attaching it to the corresponding chord to complete the structured piece. Also,
a new chorus chord progression is created from the verse chord progression by applying the characteristics of a
trot song that repeats the structure divided into an individual section, such as intro, verse, and chorus. And it
extends the length of the created trot. The quality of the generated music was specified using subjective evaluation
and objective evaluation methods. It was confirmed that the generated music has similar characteristics to the
existing trot.

Keywords: Music generation, Chord-based generation, Generative Adversarial Network (GAN), Bidirectional Long

Short-Term Memory (BLSTM)
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Fig. 1. An example of preprocessed data from a bar
(CR: chord rhythm, CO: chord octave, MR: melody
rhythm, MO: melody octave, ML: melody label, BR:
bass rhythm, BO: bass octave, BL: bass label).
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Table 1. Configuration of the RNN—GAN and conditional RNN—GAN,
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RNN-GAN ¢c-RNN-GAN
Generator Discriminator Generator Discriminator
*16% *16% *16% *16%
Tnput 164163 1641653 16%16%3 + 16¥16*3 16%16%3 + 16¥16*3
(random noise) (data representation) (real data (real data
p + random noise) + generated data)
Layer 1 256, BLSTM, tanh 256, LSTM, tanh 1024, BLSTM, tanh 1024, BLSTM, tanh
Layer 2 256, BLSTM, tanh 256, LSTM, tanh 1024, BLSTM, tanh 1024, BLSTM, tanh
Layer 3 512, Fully-connected, tanh | 512, Fully-connected linear | 512, Fully-connected, tanh ’12, Fz:g;f)?gnecwd
Layer4 | 512, Fully-connected, linear S12, Fu{ly—cqnnected, 512, Fully-connected, linear X
sigmoid
16*16*3 16*16*3
Output (data representation) 2 (real or fake) (data representation) 2 (real or fake)
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Fig. 4. One sample of the generated trot musics consisting of chords, melody and bass. The sample consists
of 16—bar verse and 16—bar chorus and is about 64 seconds long. The left side is the verse and the right side

is the chorus,
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Table 2. Objective evaluation, Values within the quadrant of Real in EB and UPC are indicated in bold and the
smallest TD scores are indicated in bold (C: chord, M: melody, B: bass; EB and UPC values are better as they
are closer to origin and lower TD is better).

empty bar ratio (EB; %) used pitch classes (UPC; %) tonal distance (TD)
) C M B C M B C-M C-B M-B
train set
19.22 20.26 3.08 13.47 17.91 23.87 1.38 1.52 1.27
C M B C M B C-M C-B M-B
proposed
27.34 21.88 6.25 13.02 13.54 22.39 0.19 1.26 1.40

Table 3. Subjective evaluation (H: harmonic, R: rhythmic, MS: musically structured, T: trot, Avg: average; 5 is
the highest score).

H R MS T Avg
real 475 4.75 4.75 483 4.75/4.77
proposed 4.25 4.58 4.02 2.50 4.28/3.83
ronpro Ref. 1 2.95 337 238 ] 2.90
Ref. 2 3.13 4.13 3.48 - 3.58
real 3.87 3.74 3.74 3.50 3.78/3.71
proposed 4.00 3.74 3.58 3.37 3.77/3.67
pro Ref. 1 3.84 3.52 3.45 - 3.60
Ref. 2 3.87 3.66 3.23 - 3.75
S, BB, UPC, TD &= %io) 2o et R¥h g ol o]l Alo] 50 elajo] Wael 2|47t
2hd 4= Q7] wiell ohE Sof A 71w ko) wia M) LR E] 2] AL e} A oA
S I8l Abgahe 22 A sk gick whakA AlQ ote) xlggo] Y& whx _’, ERE E4o] &yt
£ 7] ohE Soh Al 7o) vl el QEX 2AY) il Ao FyEch 2ejy
H7F e ARg-eH ol 10| o] A= real o] Hl 3l % % 445 AU F
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2 AeYskglet wa mel R 217} Ref. 1117} Ref. 2 e o A T Ao} H] A TR} W7} BE 5E FRE o A]
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