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ABSTRACT

With the steady growth of the content industry, the need for research that automatically recommending content suitable for individual
tastes is increasing. In order to improve the accuracy of automatic content recommendation, it is needed to fuse existing recommendation
techniques using users' preference history for contents along with recommendation techniques using content metadata or features extracted
from the content itself. In this work, we propose a new graph-based music recommendation method which learns an LSTM-based
classification model to automatically extract appropriate tagging words from sound data and apply the extracted tagging words together
with the users preferred music lists and music metadata to graph-based music recommendation. Experimental results show that the
proposed method outperforms existing recommendation methods in terms of the recommendation accuracy.
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Fig. 2. Distribution of # of Songs in Kakao Arena Playlists
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Table 3. Experimental Results by Various
Recommendation Models

AREJY. 2ES Adam FZ3F L E([161S B39
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Learning

Model Variables used NDCG,, time

(h'm)

User-based CF Music List 0.0124 0:13

Item-based CF Music List 0.0078 0:12

Genre Popular Genre 0.0536 0:05

Ite.m2vec Music List, Artist | 0.0575 7:26
(Skipgram)

Item2vec (Cbow) Music List, Artist | 0.0661 7:51

Autoencoder Music List, Artist 0.3047 6:42
KPRN-Artist Music List, Artist 0.4382 5:30
KPRN-Artist/Album | MUsic list Artist | oor | 5130
Album
KPRN-Artist/Album | Music list, Artist, .
/Genre Album, Genre 0.4295 >:30
KPRN-Artist/Album | Music list, Artist, )
/Tag Album, Music Tag 0.4956 5:30




404 HEXZ|SE[=EX/ATEYN L HojH 8 M102 H105(2021. 10)

ol

dolt}, [tem2vec 85 Wil wet Cbowd™H3t Skip-
Gram oz FHEslo] AEE AYsiTt Item2vec
(Cbow)2 Zdo|HAE ] Q= FH SAEERH 34 &
ot f5ote Ao E g5k WhH Ttem2vec(Skip-
Gram)Z 34 594< &3l 8 22 f55h= H4]olth
H =709] Aot 2d2 KPRN-Artist/Album/Tag® E3HE
Act.

Table 3°] @2H At -2 NDCG|°] 0.49562.= H]|
o 2d oie Y £2 341 JE€rE Hoh KPRN-
Artiste RE Q1FH R} oF 0.1335 F= ¢ £2 2HE
Heloh

KPRN-Artist/Album/Genre= KPRN-Artist/Album®
o A2 HEE F7HH0 = o] &SRt 238 NDCG,
7} 9F 0.0327 A= EojHth. o] A¥ AM=HE 7171L of
G glojg 9 Z2 HEE= KPRN 7]4HE9] 340 ZEs1A]
At A & 4 o} WhH KPRN-Artist/Album/Tags
A2 He Al 3ot A5 B HEOA F2H H1 JREE
ol-&gt rdo|t}. o] HE2 F= WHAEE o]83F KPRN-
Artist/Album/Genre Ett ¢F 0.0661 F= &2 NDCG,
2 Btk 1 olf= 7ER oy HolEoA FEY F
M= 224 7= 22 IEe Fdo|n gt A% et
e 2R HI1HEs 5 AUXA AEskE o] 3o A
3t AtsKGeneralization)ol] 258 #YHoz 2gsi=
ZA0® AtgHTh

Table 4+= ARt 2H9] 444 ER1517] #I5te] KPRN-
Artist/Album/Genre X@¥} A9t ZEQl KPRN-Artist
/Album/Tag 2&] 717} offu} EFojz|AEq 713 &
o] 54 Al 719 ol gk 4 Aol o] Hlu+=
2 5 g4l &7 Holy 7|8t 8L FE7F duh BEREA]
ghlstr] f1gt ot

=

Table 49] Ax}o] MEH, F Rdo] 22 JoFZ FHs}
= FSE AT KPRN-Artist/Album/Tag Hdo] 4
HolE & o83t v SFH R HE fARE 3945 =4
gt AL 0T & o

Table 4. Example of Classified Tags and Recommended Music

KPRN- KPRN-
Artist/Album/Genre| Artist/Album/Tag

* Just like that day
* See you on Friday

Music| Genre | Tag

* Just like that day]

Night |* Ballad |Balla|, See you on Friday,

letter |* 10- d A * Spring love, not
¢ It's raining, so...
cherry blossoms.
Give |+ Indi * In Dream * I don't love you.
Balla|* We could have |* At the same time,
me a|* Rock .
d been friends. you.
hug. |* 10-

* [ don't love you.|* How's it going?

* Every day, every|* At the same time,
Balla| moment. you.

d |* I don't love you.|* This is the ending.
* accidentally saw |* Stalker

Rain |* R&B

Table 5. Learning Time Comparison Among Various Models

User-based | Item-based | Genre Item2vec | Item2vec
CF CF Popular | (Skipgram) | (Cbow)
13 12 5 446 471
KPRN KPRN KPRN
Autom | KPRN™ )y ict/Alb | ~Artist/Alb | ~Artist/Alb
encoder ~Artist
um um/Genre | um/Tag
402 330 330 330 330
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