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3.3 1HZ FE Y EHZ Y

2 dAFoM = 2T FE YEQAE =& % &7 & (node-level classifica-
tion) & ¢Iofl AF&EITE Yl Lx 2= 7|2 Bl F SRl GraphSAGERS] RS A

Stk 71249 19 r Y WEYDL BDL A§FoR nd AA 0 F7hE FHS
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@ 18 ol% e ol Anet @ WA F A == E Ao ST W, Graph-
AASH: oetr|E ot B = Fe|sto] thE
oteto|HE 55 AL HAE o] & AH EHl L& 9] A K E concatenation

SAGE:= EHl kB9 JHE o] HKH

li

olt

Sto] oh3 9] Bl e E JH 2 Yu|o] ERMrt. o= GraphSAGE 2o B2 L E 9]
THANA 2] 24l ] JH | tis] GONEL} o @2 H]5-& F1 87 i EE 9]
EQ & 4 ik whepA, B2 e E 217 2H41 0] 5 A7 FR sl A E =
S HE ERolA B k=9 AR of gt HA F4E o] L ESL ot HER
ShEotal FAE o2 AH concatenationdcto] EFAl e E O] & HHE o] L& 9]

dH et F25to] B85t GraphSAGE RES £ (9] J= 7 YEYAR
=

hF = o (W AGG({hF~! Vu € N(v)}), BphE™))

hk—l

h = hidden representation ,v,u = node , k = layer ,W, B = learnable parameter
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AGG = aggregation function ,o = activation function , N(v) = set of neighbor node of v
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AlagAd A

4.1 HolgAl

& Aol E & vl 7HA] 2 HolHAlS AR, A RIA Hlol Bl A2 Free Music

folk experimental

hip-hop electronic

instrumental rock

international pop

Figure 4.1 FMA Small djo]gAl &= 14

Avchive(FMA)[id) o]eF. 519 Hlo]E1418: Full, Large, Medium, Small 47147} =
Ak, 2 AN SoF A2 1 THelo] A5 ALS EHE Small Hlo]HALE AH8 3
o s "ol HAS & 8,000712] 1.2 HoJE{7F £A5FAL 2= electronic, pop,

rock, experimental, folk, instrumental, international, hip-hop &2 & 87}#] A =27}
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Pop_Rock

International

Country

Electronic
Figure 4.2 Lakh MIDI tjo|E]Al &2 114

= W go] Al Lakh MIDI[49] Hlo]ElAloltt. & 176,581 7]2] To] EAjght.
< Hl°olH & ©]-&5to] MusicBERTE AHA 530t 11 & A=271 EA6h= 22,535

o] B dlo B AL ALgate] BEE 1) R MusicBERT 9] 7] =7 22
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po2 33~ a7hs AEYstel 3 80,160709] HlolelE AHSIL) & ofel2Ee)
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2= pop/rock, country, electronic, R&B, latin, jazz, new age, rap, international,
reggae, folk, vocal, bluesZ & 137}2|7} £AtcH(1H @) Z} glo]E &= o5 2hd
(multi-label) 2 74 =|0] i}, dloJEAlS 8:1:1 HI &2 WU g5, 5, HIAE fo]

B2 AFgck

Pop_Rock

International
B Country

Vocal
Reggae

New_Age
Electronic

Rap

Figure 4.3 Lakh Pianoroll d|o]EAl &= 1A

A 7 do] el A Lakh MIDI tlo] B AL o} ie 2 &l 2 7 Lakh pianoroll[21]
dloleAloltt. s glolHAlS Folfl ot & RS sh53ich Wek Ig oA &7t

WS HlolElE AlStal F 11,7697 9] o] EARIT. 13 7 ~ 8 N4 HET 5}
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g

soundtrack

electronic

ambient

jazz

rock
orchestral

folk

classical hiphop indie

easylistening chillout dance

alternative

Figure 4.4 MTG-Jamendo H|°|EJAl &2 LA

2]} glo] E1 412 MTG-Jamendo[d] Elo]E1Alo]c, s Blo] el Ale A=
E/HEE e E "olHAMe| BR 25 7HRA] = Fe2 AT & AT £ 87
Mol A2 E W 7|Eo 7 A 15719 A2 E AFE AT 157119 A 2= clectronic,
soundtrack, pop, ambient, rock, classical, easylistening, alternative, chillout, dance,

hip-hop, indie, folk, orchestral, jazz©]th (L& @ et A2 S L SHeHA] oF= 1 2]

rl

HlolEl = CoLA RS A 3H45817] $1) AL AT & 48,500 HloE1 S A2 H il

==

AT & OFE| AE O] = 3,546 C &2 oFE|AET 13.77119] Hlo|B 7} A% 2t

iy ey
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MusicBERT+ 21 & (github) ol Z=7F 37051 A9, g T E= H o] A5 fairseq[44]
oiolet. ag eolu el AeT AT

of-=of pytorch[46] 2 2to]H 27
T A4S £F, 1A% £E EATE F85] A4

pytorch geometric[25] 2ol B e & AR, o B> AFd o5 & the AEH
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AR 4= (o] 2 1007119 o] % k. EE ARRRIY. StaE AlEd R W 2AE
&

Table 4.1 MusicBERT 5}o] i u}2tu] g
sto] o ut2in| g |

Num Layer 1

GNN Out Dim 3584
Dropout Rate 0.5
Number of Neighbor | 5
Learning Rate 0.00003
Optimizer Adam
Batch Size 8

B} AmeE Ade 2 e vdo] Fow o EF 0 AWE (recall) 7}
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binary cross entropy) & AH&AT. OF 2t A=~ JIERN= ZF giilld s ol

w2t 222 A EZ 1] (binary cross entropy, BCE) & 73 & H-& F3F golct. 4
o

El]oﬂ/ﬂ Multi Label Binary Cross Entroy Loss<= th% 2l o|Z] A2 A dEZ 0 E

ol
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o2 pL A Afo]zo| 1 HlolelAlo] T} Mz FHEoYonR | 2l 18
ojulgict, N-& % dlole] 55 olulal A w9l st
ofu]o]ck

Multi Label Binary Cross Entroy Loss = E?ZlZéleC’ELoss(ygj, Yij)

(4.1)
BCFELoss(Ui,yi) = —(yi X logy; + (1 — y;) x log(1 — 4;))

i = index of data ,y = label , y; = predicted label

I = number of labels , j = label index
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Table 4.2 Wo}l 2 g slo]w u}e}u| g

sfolmuee | &
Num Layers 1

GNN Out Dims 384
Dropout Rate 0.5
Number of Neighbors | 16
Learning Rate 0.00045
Optimizer Adam
Batch Size 16

2 elel Mixture of CNN-2 Zl & o I &7}

ol

H=] AAITE tensorflow[d] 2]
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velEe a5 o] i TN AES JIHEO R pytorch ol B 2je] Pejg WA &
A BEe AP 2 R HEYIS Foe mEe) slo|nuitueE &

b7t 2}, 85 Al B 8700 o] L ES YT FE A RE O] kES
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Table 4.3 Mixture of CNN 35}o] = o}2tu] g

stolmaatuled | &
Num Layers 1
GNN Out Dims 256
Dropout Rate 0.5
Number of Neighbors | 8
Learning Rate 0.005
Optimizer Adam
Batch Size 16
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Table 4.4 CoLLA 5}o]xu}a}n] g

Stolduetae | %
Num Layers 1
GNN Out Dims 2560
Dropout Rate 0.5
Number of Neighbors | 8
Learning Rate 0.0004
Optimizer Adam
Batch Size 16
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4.3 AY Ay}

o]H Ao A= Ae Aitof s A=t Representation REEH Ad A=
RESEEEE RE
4.3.1 MusicBERT
Dataset Lakh MIDI
AHE AR Method Micro F1 Score
melody2vec[29] 64.90
= PiRhDy/[36] 66.80
MusicBERT[65] 76.1
OlE|AE decision tree 81.38
MusicBERT
81.56
+ artist emb.
MusicBERT
I olgAE 83.18
+ GNN
MusicBERT
82.56
+ DropEdge
Table 4.5 MusicBERT A& A}t
MusicBERT ] A8 272 & [Lio] Ueic}, BolA I, ofg| ~2E AHE nE
AFGSHE W] artist emb. 2 OFE|AE HHE A H 02 ARt -5 Kotk 5
of YRE AL YTt ol AE FHTHS A8 0 o & A5S Bt E
2o] Huo] 712 obE|AE AR E AR, DHH O A8 1 45 FAL BT
Aoz AT o 7.17%, {HHAH 02 AFEE I 9.06% 2] FHES EArt. ofE
~EO ARE HHHOR ALY A9 APA AR & A% Gl SR
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4.3.2 TolLE

Dataset Lakh Pianoroll
AR AR Method Micro F1 Score
=1 mj o} E[21] 63.70
olE| AE decision tree 80.16
njof 2
= 81.68
+ artist emb.
Hoty =
I olE|AE Hohes 81.66
+ GNN
Hot, =
Tehes 81.29
+ DropEdge

Table 4.6 Dot & Bd Ad A}
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4.3.3 Mixture of CNN

Dataset FMA Small
A AH Method Micro F1 Score
Representation learning
57.90
- using artist labels[45]
kL
MuLaP[39] 61.10
Mixture of CNN[64] 55.88
OlE|AE decision tree
Mixture of CNN
+ artist emb.
2 olgAE Mixture of CNN 60,69
4+ GNN
Mixture of CNN
63.00
+ DropEdge

Table 4.7 Mixture of CNN A A}

Mixture of CNN©| A1¢ 235 1 [Lo] tebyet. s 41510 Ahg- dlo]elAl9l
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4.3.4 CoLA
Dataset MGT-Jamendo
AHE AE Method Micro F1 Score
= CoLA[p2] 39.75
OtE|AE decision tree 43.99
CoLA
47.22
+ artist emb.
CoLA
I, OlE| A E 0 50.99
+ GNN
CoLA
49.51
+ DropEdge
Table 4.8 CoLA A& A1}
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4.4 Label homophily ratio

Dataset Homophily Ratio
Lakh MIDI 71.10
Lakh Pianoroll 75.02
FMA Small 94.07
MGT-Jamendo 27.39

Table 4.9 ZF d]o| Al ®H Label Homophily Ratio
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Abstract

Improving the Performance of Music Genre
Classification through Exploiting Artist
Information

Seokgi Lee
Department of Industrial Engineering
The Graduate School

Seoul National University

Music genre classification is the task of classifying target music into specific genres
such as blues, jazz, classical music, pop, etc. In music genre classification, it is
critical to identify and extract the characteristics of each genre by using the fact
that each genre has different elements of music. Therefore, the deep learning model
in which feature extraction and classification processes are designed through a single
model has recently attracted much attention. In this paper, a deep learning model
is used to classify music genres.

The majority of deep learning models classify music genres using only the infor-
mation of songs. However, many people predict the genre of the song only through
its artists, which shows high accuracy. Focusing on this point, this paper tries to

use artist information, which is sides information, for the classification of music
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genres through a deep learning model. Confirm through four open datasets that
artist information plays a major role in genre classification on four open datasets
through genre classification experimental results using only artist information, and
propose a graph neural network-based plug-and-play framework that can effectively
exploit artist information. This paper compares and experiments with the method
of directly providing artist information through artist embedding and the method of
indirectly providing it through graph neural networks and presents the limitations
of the method of directly providing artist information and the advantages of graph
neural networks.

In music genre classification research, deep learning models train musical char-
acteristics by using various data types of music. There are two representative data
formats: a type of converting audio data into an image form and a type of converting
into a symbolic form. This paper experiments with the proposed framework on open
datasets in symbolic and audio forms to verify that the corresponding framework
is plug-and-play. In addition, this paper applies the proposed framework to four
models that are trained with the corresponding dataset and compares each with the
proposed framework results. The four models trained to classify music genres in
different ways. Two models were trained with supervised learning, and the other
two models were pre-trained with unsupervised learning and then fine-tuned to clas-
sify music genres with supervised learning. This paper confirms that the proposed
framework is applicable in various environments through models learned in various

ways.

Keywords: Music Genre Classification, Artist Information, Graph Neural Network,
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