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ABSTRACT

In the field of music, various Al composition methods using machine learning have recently been attempted. However,
most of this research has been centered on Western music, and little research has been done on Korean traditional music.
Therefore, in this paper, we will create a data set of Korean traditional music, create a melody using three algorithms
based on the data set, and compare the results. Three models were selected based on the similarity between language and
music, LSTM, Music Transformer and Self Attention. Using each of the three models, a melody generator was modeled
and trained to generate melodies. As a result of user evaluation, the Self Attention method showed higher preference than
the other methods. Data set is very important in Al composition. For this, a Korean traditional music data set was created,
and Al composition was attempted with various algorithms, and this is expected to be helpful in future research on Al
composition for Korean traditional music.
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2.1, Simple Recurrent Neural Network (SRN)
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2.2. Recurrent Neural Network (RNN)
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2.3, Autoencoder (AE)
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4.1.3. Self Attention =&

LSTM seq2seq 22 9] 71A 2 EA|7H-2 context H
= oA nAd WE 2s 1 w4ES A2st] of
Hrh= Aol LSTM 7]4He] Q15 - t 2T 2d
A E =7]9] context WE|S ARRFO =M FH £
o] WY 7Hs/d o] QlaL o] 2 Qlsf o] o=
Hojo] B A]= T o] Qlef. ERL, Skl Alto]
e Aok

olof T3t el AaM o = 1} A o] Self Attention &
o]t} Self Attention IH-2 seq2seq Ld o] ) 2 74
ofl Al A A A 7HE HRE Y FE S
UEE SfiF o2 A Al W] F4-2 uf9- A1 4=
AATH[10]

42 =2t d|0|e| M&{2|(Data Preprocessing)

=of A& AT gl e5A1717] 3] Hlol
B AHelE 3 Wast ek o S8 chaEael wot
I 35(RE ot el EloL ke, FdT E
MIDI A& 2 v}l o]5 Music2l 2ol B8 & o] &
3 ME 3 sH= WS AR o] 1S B3| 1AL
e MBS Ak

Counter Message Details

Motes On MNotes OFf

Note 2476 2476

Poly Key Pressure 0

Control Change

7
Program Change 0
0

AfterTouch

Pitch Bend

Fig.1 Korean Traditional Music Dataset(note:number of
notes, control change:number of MIDI Control)

Al ot A2 A7 S THA 7] 7] 98] 4= MIDI
I

glolg AES eielZo] ofad 4 gl Hlold Ea

871



B2 HEAIBHS| =2 X| Vol, 25, No, 7: 869-876, Jul, 2021

o= dloje] A e|s|Folof gk, Al
28 7} u]e] Shele ehel ATl o HER A2}
wo] o] e uhx ] mE nl] o] ES EasHe
ATRER BFHo] Ack dlo]g A=) Ax el )
o8 A MHASE AAFHY o FASS 2 A1w
ESo] Ao sttt

9

LSTM mele 3749] gojo|S o} wEm 2 3

S8 ok A%L 2§k 1287149 2% Fol 5

g BRSHE BYOR FUAZY T YL 4
ol

i A~(Softmax) S AHEEITE[11] EBOR-E-S 0.3

4.3.2. Music Transformer 2 ©|-83}F =+l 2] AY
371 5dls

Transformer o}7| €l = 2} o] 2] g]of|A] &3t wt
SIS o|Fo|¢tt). Transformer= 7|& RAlXt} &
BX 07 855k ¢ U2 long term memory S 712
t}. o] a2 relative self attention2 AR5l Q17T
L2377} cross-attention W|#|UZo] AlAH vidzt EH
2o 0] melole}, o] 22 HZFE oA o BEH
2 2s}o] gof ol o g Ml 167)0) 2

L=Tha B ‘?"
52 71X B e W o s Ay sl

4.3.3. Self Attention& 0|23} ol W at] A4 7] &
a5

o] g2 371 ¢] GRU(Gated Recurrent Unit)} 2 7j
9] Self attention #|o]0]S ARESIT} Al o] 1L wh
2] BAGE = AS WAS] 98 EFoko] ARSE
At 6712 FeF 2YAIS T 871 2] Eigolzo] ARE-
= 3lc}

V. &

i

2 2o
5.1, =9t Hl0]E MIE =4
5.1.1. =2t glo]E o 3| AE 1343} Pitch Class £
SIAEIN XEE §4, YEE T §450] % o
oA B WolL AMGEIRET1E AR 84513
ol 4 o= je} Zo] 0 2o} 1l e] S-S 58

872

(o]

ETHeR RS & Utk

Pitch Class Histogram

Count

D E A B

G
Pitch Class

Fig.2 Histogram of Arirang

2= tiwA 7adl of|ge] s|AEaHe 2 D
(E.E(1).G(E),ARD.B(A) 57]] =74 0] 7 9f Siv]s:
S BEEUEE & 5 ek s =4 T 7kl
U G(He= THERE 74 250 TULF ARE S
& LEphde:

19 4

Pitch Class Histogram

17 4
16
15

Count

c B G B.

F
Pitch Class

Fig.3 Histogram of Niliriya

I3 dejelol] SARTYOR ofelFe |,
vl 42k A9 ol A MekEY A D] 28 ALgEkT
9l Aol 1)) delelop = ulb,uk 4 Ab” 74]
ufo]u] ek DS AS AL glek

5.1.2. Pitch Class &4

Pitch Class 12| 2o] 435S Alzke] &
w2294 0% ekl Zlolch X £& AK2)
B Y22 S48 Lepic, o] e E o a)
k&7l 2] 2] whef 2o =AE & 4 Uk

]

o

(g Mo
2 L

1) HEfEY SA= ol 719 S22 o] Roixl SA o)t =
o gz7) ok



Pitch Class by Offset Scatter

Pitch Class
o
°
°
°

20
Offset

Fig.4 PitchClass of Arirnag

134 og|#9] pitch class 1 ZE B S| AETD
Holl A 2 At Zo] Zh o] LA O’ FALF LY
ofgiek. olelst Fagol ofelzel obgrte Wt
wEL o Fed 98 o 9ot

Pitch Class by Offset Scatter
g F L L J o0 o o0
Fig.5 Pitch Class of Niliriya
a9 seeP]oks 54422 C9LEb,G Bbe 27

O HBE QIS 7ML Q5= & o dledl ol= 2]

3l o] Tn| U4 sEe) ) g W glrk

52 Al ot H2r| Md7| 2t 2 At H|wd)

52.1.LSTM &2

LSTM 2919} 117 6 S| AET19E W 5 o]
B % oo 5|AE 1 el AR ARt e
A& & 4 ek B2 =t wlae} 2ol D(H).E(v)).G
(E).AED.B(A) & 578 FHLR o] FofZ SSAE Y
EF ittt LSTM 229 Pitch Classg& R A 1
"ol o] MHEES B 4 ik o] wFolA AgH
LSTM 242 3-0] Zo|7} ’iE 8 S = H o] §lo]

2) Be FYHFo| BB o] R FE
3) https://www.youtube.com/watch?v=_n9jByBGP58

873

(a) - Pitch Class Histogram

Count

<
Pitch Class

(b) Pilch Class by Offset Scatter

Pitch Class.

@ ) )

E) E)
offset

Fig.6 (a)Histogram and (b)Pitch Class of LSTM Model

5.2.2. Music Transformer =&

19 7 Music Transformer 2@ S|AE 1T} C}2
Lot S| AE ML) 2Fo]H-L Music Transformer H
Aol A= C(%).D(),Eb(m]  Z3),E(M)),F(),G(£),
G#(& EA(Eh,Bb(A] Z3),B(A) 9] 1071 57 o] viet
k= Aotk Rl 4 CD.E,G,AB 5 =otof|A] @ol
2ol FEo] o8] wWol ARGE AL )35 o = qiTh

Pitch ClassO| A I o] 2]t Aat5 & 4= it} th &
A10] H8)] B &4 50] ALEET Yol e 5
B 3t ExsF Holtk o] A-& Music Transformer &l
o] of Z4] Topie Gt dlolElME] 7Nk £11
wbS ol HlA 7)2Isks 0.2 Azt

(@ o

Pitch Class TTistogram

Count




B2 HEASHS| 2| Vol 25, No, 7: 869-876, Jul, 2021

(b) Pitch Class by Offset Scatter
v we ® o @ oo I R
B oo
A . ccee we o 0000 00 00 o o0 0 00 o
o oo
Lo cooms 0o oo wes oo oo o o oo o
g+ oo e o oem
=k o ® ° e o o o °
v -
P @@ o o o 00 ® coce e o o
c ¢ om o 0o w o

o I B B o E) E] k] B ) 100 i
Offset.

Fig.7 (a)Histogram and (b)Pitch Class of Music Transfer
Model

5.2.3. Self Attention =&

1% 8 Self Attention 2@9] J|AETHE HH
CD,EGAB 9 6719 S&o] 24T 1 % C(E).E
(MDA &30 T2 23852 & o Atk

(a) Pitch Class Histogram

Count

Pitch Class

(b) Pitch Class by Offset Scatter
® ° o o
A o0 oo om oo o oo o oo o@ o
L . °
&
5
2R3 ®esc00 @00 ° o ° ® o
o o0 °
3 o0 oo oo ° o °
b o B} B B ] @ B

Offset

Fig.8 (a)Histogram and (b)Pitch Class of Self Attention
Model

LSTM H g2 3<% do|g ZF skl ofef=dat FA
gt ERYE AUR A drE o g ghEo] Wl E
ore] kS A2 Fds) WA X3FGTE Music
transformer &L 58 A| S F& A= olup= o
2] HhS-& who| ARSI 10841 AR5 a AAE
2= A 24 S99 Fotle LUEE AAA
Zt}. Self Attention -2 2|54 Q1 ZHoflA b4
Q1 =7o] 2 Ve A gFo] dich

874

53, El:é!tli x4x|;(|. MsT .uij}

AHA 715 Y3}e] LSTM, Music Transformer, 1
2] 31 Self Attention H4] 2] A3 AFRAF 5 4
UE=E SUBBIL o] 52 A4St 2|AH E(Likert) &
ol 4] ofi= o] o Fetol 7k mgo] Lh=x] H7}
shes axsialch & 1099) 27} olsien
A3 chg 3 Pk 199,102 2 mele] HA v
A2 12 ek Aolch LSTM HFA] o & A= 3
oF W2 t]o] Pyl P4t A7t 2.98 Ho g 7R ek a
Music Transformer 4Jo] 3.09 AL wioit}h Self
Attention H}4]0] 3.74 Ao 2 7}A =2 B dlo} 7}
% Soteel L7l 2 ATk WohE WL,

Result of Listener Servey

.|
0 0.5 1 1.5 2 25 3 35 4

Fig.9 Result of Listener Servey
(1:LSTM, 2:MusicTransformer. 3.Self Attention)

Do you think the result of Melody No. 1 captures the feeling of Korean traditional music well?
110 responses

30 32 (29.1%) 32 (29.1%)

25 (22.7%)

o 1 (10%) 10 (9.1%)

1 2 3 4 5

Do you think the result of Melody No. 2 captures the feeling of Korean traditional music well?
110 responses

30 32 (29.1%)
AR 27 (24.5%)

14 (12.7%)
8 (7.3%)

1 2 3 4 5

Do you think the result of Melody No. 3 captures the feeling of Korean traditional music well?
110 responses

47 42.7%)

26 (23.6%)
20 21(19.1%)

14 (12.7%)
2(18%)

1 2 3 4 5

Fig.10 Result of Each Listener Servey



54, EI:-III:Ii XJ%LE I;I_<I "'-_\'%'5' H|I'|_
3714 mlo] e Yl A E HlaE 9fe) 2 mel

©235 WX 2715 ALk
3o 10 epoch 2t A= 913
o] =7} o] ojAir.

oF glo|g A EE o]&
2324 9] gradient Y d|

LOSS ACC

DIST

& LSTM
& Music Transformer
Self Attention

Fig.11 Accuracy, loss and distance rate comparison
chart for each model

2% 11 tho]o] S ot glolE Al Eof thgh 37}
2] mao] Yo wolzrh tholo]1ol| A Music
Transfer o] A& o= o U2 Ad5-S U3stn

LSTM} Self Attention X @lo| H]S3F A2 HYS
o = QU o, LSTM B2 2 s &S T off ofgt
o Hel JolA o= Aol sk
VI, 42 ¥ = 1ix|

2 =M e o HMEYE S AlsE o8 A
Aalitl= A5 53l 3714 Held datelsS &85t
o 7 ATEE WL STk B7E F9) ot
glole M EE #5313 o] & o83t JAFAls =
of 2k3t0] 7ha S 7 Rl s v E Fal A5st

%At dlolE) A= F5& isto] o} A2S MIDIZ
HEkske] HlolE M2l E kit MIDI 9tahe &
A, 8 24 5= FEAE = As S AA B
Saksigi). o] Mok uAlE wE| 2 FAsk] U
golels FAsATk srd2E LSTM, Music
Transformer, 12|11 Self Attention H&o] A-&-%|¢ic}

875

LSTME %:31419) glo]e1 5 sl anbdolg)
oL} Fo] Zol4E T v

Music Transformer+= & ¢ 1:]—9}8}1 Halyl we m
o e molF ot Zakgol
ot Avfete] 77k =S F=90 k. Self Attention &
W 37k Y F Fofell 71 AT W] AP
wojZqr.

Sotoll thet B7h= ZeAo] 7| Hrk= 71919 A%
Lo whet GepA|7] wfZol e FrhE o ARSA} 3
7}& sk Zlo] Basto] AMgAL Hm2AE 21385k
ok Al 7] mElo] sof W2t AikEs S-H8sto]
AtrEolAl S8 AL of | o] 7H =oh ] =S &
A9EA 5 AER 948 A BrIES slsith
AREA} 7} A} Self Attention ¥4]0] LSTM ®-A] 3}
B 1L5}o] 0.76 4 9] x}o] &, Music transformer B2 7=
0.6542] o] 2 &2 MEEE BT}, Hloje] U

Alo]El 213415 220 9lo] uj¢ F R 8t of

£ 915 71249 o} Hlo]e] AEE WET vheke o
A% 232 AEsga o3| T
o] eito] w-g0] = 5 9 Aolck
SR UL AL U ) 0
e A8 For
Aoleh. Sote] i 2

zﬂ- ;(4 0 tsk‘d X~IOF4

i

oz d
=oF AFA S 2
o] A=+l Al
ERE RUEERS
Tt ua s °l$°1%%
ZL2 o] Aoto 3t r:ﬂo]E17}—
MIDI gjo] €32 3 1) thrtof 3t Zlolc}. & ¥
Az e de 5t ofo] AL W29} vix}= ot
=0 ¥ 5= 9louf =ote] Tad 949l & 59 of
Elgdolds 23T o flrks Aotk sefo] =
A Sele A2 WRhel Aaolgts a4 o= &
& "ol Faolehs 7o) & Y vjay) <l

T o) i o o|efat /1M e EAT 57} ¢l

l—J

2 rlr 2 OH L
JH

o 2 A Hopgere] A 9HA gk AT 23
2 Fofel] A2 4 G BIELS Ao Bo2A
;e Ato] Hopgere] Afgol obde St

31 ey Shere] A2 7Hs A4S B Mokt olefat
A7} 47} ALY B AT|E ot 71 @19l Hlo]
VA AR AYS ThAl B8 AR A3 28 A
thollA ot Tt BAS Fedod 4 e A7

2 % q71% 7|t

pal



References

[1] L. Wyse. Mechanisms of artistic creativity in deep learning
neural networks.arXiv preprint, arXiv:1907.00321, 2019.

[2] Y.Namand Y. Kim, “Melody composition using geometric

—

crossover for variable-length encoding,” Computational
Intelligence in Music, Sound, Art and Design Lecture Notes
in Computer Science, pp. 37-38, 2019.

G. Hadjeres, F. Pachet, and F. Nielsen, “Deepbach: a
steerable model for bach chorales generation,” Proceedings

—
w
—

of the 34th International Conference on Machine Learning,
PMLR 70, pp. 1362-1371, 2017.
H. Hild, J. Feulner, and W. Menzel, “HARMONET: A

neural net for harmonizing chorales in the style of JS Bach,”

—
~
—

Applications of Evolutionary Computation, pp. 267-274,
1992.

B. Freisleben, “The neural composer: A network for musical

—
W
—

applications,” International Computer Music Association,
vol. 1993, pp. 1663-1666, 1992.
N. Boulanger-Lewandowski, Y. Bengio, and P. Vincent,

—
[=)}
—

“Modeling temporal dependencies in high-dimensional
sequences: Application to polyphonic music generation and
transcription,” arXiv preprint, arXiv:1206.6392, 2012.

i =(Jun Bae)

SiMChErm Zx|o| st St
Amichsim ZiFe|Sol st S

876

[7]

—
o
—

—
=]
—

[10]

[11]

R. Vohra, K. Goel, and J. K. Sahoo, “Modeling temporal
dependencies in data using a DBN-LSTM,” arXiv:1803.01271,
pp. 1-4, 2015.

S. Jee, “Comleteing Unfinished Classic Music Using AL”
Seoul School of Intergrated Sciences and Technologies, vol.
1, no. 1, pp. 2-4, 2020.

J. Bae, “Deep Learning Music Genre Classification System
Model Improvement Using Generative Adversarial Networks
(GAN),” International Journal of Information and
Communication Engineering, vol. 24, no. 7, pp. 842-848,
2020.

D. Bahdanau, K. Cho, and Y. Bengio, “Neural machine
translation by jointly learning to align and translate,” arXiv
preprint, arXiv:1409.0473, 2014.

J. Bae and C. Y. Kim, “Deep Learning Music genre
automatic classification voting system using Softmax,”
International Journal of Information and Communication

Engineering, vol. 23, no. 1, pp. 27-32, 2019.

HBAZOF: Al 2T2IE T, 02l Z20[2IAE T, SAeI4), DSP A2 NFT

—



