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el X 270 SEPT 28 F7bael H8 447 98 24
M= dolEE Fga9th ole 2 deole el e 53
5% BARIAT AGA — ofol® FEAE dlolE g} 24
WED dolEzt o] At ATFFOE AG F5E 2F dolg e
Agl EAaA 97] el T vole o] A g mAY, 2B
Sga7] 47 gk @Al EAwT of AL weats] sla, B

AgelM EGA 2 7 Sl ofeldl A4 ARE FEsto] ofolrl e

Aeto] LG - ofoldl 45 g Anol S wESiL, ShiH
A QME I ololel Mg e wEow 23 A%g e
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A3 AT ™

O~
2

Al 12 AF HlHA
ele A &0

B Qpela ofol]l A4 AnE 12 % S B4

o

o

A s Azt dial] Lot 28 VEY A JRE L3t

x

A%

3 71 SOTA Reyt A vlws 37] 98] AgA — ololHl

o,

} 524 dlolE, olol®l 2] golg 181 24 YEYI dHolEs}t

T 9l= do]E A LastFM, CiaoDVD & &8st} (dolg A Bt 1).

td

ol [1% 8] LastFM ©lo]ElAle] ARE vpehfn], A4} -
ofol®l F% 28 HolE (3, otol®l A4 HolE (F) 9 &4

HIEL A HolE (7)ol tigt elo]Eoltt

userlD artistiD artistiD  taglD userlD friendID

0 2 51 0 52 13 0 2 275

1 2 52 1 52 15 1 2 428

2 2 53 2 52 18 2 2 515

3 2 54 3 52 21 3 2 761

4 2 55 4 b 41 4 2 831
92829 2100 18726 186474 16437 4 25429 2099 1801
92830 2100 18727 186475 16437 292 254350 2099 2006
92831 2100 18728 186476 16437 2087 25431 2099 2016
92832 2100 18729 186477 16437 2801 25452 2100 536
92833 2100 18730 186472 16437 3335 25433 2100 607

[22 8] LastFM Hlo]EJ Al of A]

: B L



w3 golE

=

study & X%

=
=7

of

Amazon shopping Ho]E] Al o] A

Flel M 2783 HolE Aol A ofolg] A

Uehdd glelae), A2, olgAE

R

3l gAdd

=1
o

Al
a

oo] 92

4

¢

EREs

¢

S|
=

ekl

o] tj3+ Ablation

1895t} MovieLens — smallest, MovieLens — 100k,

pd

o] =

b

AREEE diolEAlY] EA AR E JERiE [ 1], [# 219 2o

Dataset | User(U) | Item(I) | Tag(T) U-u U-1 I-T
Lastfm 1892 17632 9749 25434 92834 | 109750
CiaoDVD| 17615 16121 18 40133 72665 16121
[ 1] diolgAl By 1 TAZ
Datasets User (U) | Item() | Tag(T) U-1I I-T
Movielens—smallest 610 9724 20 100836 | 22084
Movielens—100k 943 1682 19 100000 | 2892
Amazon shopping 55223 17408 150 497577 | 62347
[3 2] dolHAl B 2 TAZF
93 #:x_"! _'-.;.'2_1 1]



g1o1 [ 113 [3% 2114 U-U & AR 3F #AE dehds
24 VELA FHe FE5, U-1& AHEAS 4% 280 e
ofolglell thh 271 FHY F5, 1-T = ofolslolA Fojd e

AR g e,

HolE A A3 g

o
°
3

L
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-
=
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o

belglo] ARgA: - obolgl 45 ag
glolle] VA eheth A EAg Uee] gl obolge el
2R0d Prolr wol=% A48 oA 9tk Wl F Heo|Zo

FFOE EASE cloldo] ol FHES BHYHFAL. Az,

128 AAUE SRS 24 YENT dolEd i BE
AgATE AHEA - ofol] F5 A dolEle] EAFA 2] uFel
2RO AHgtel Ud YuE BT ARHOR T FRY
F7b Qe AgA - oboldl JEag olEe] £AsHE ofolq 7h
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A2 A AT AA

ofol®] A4 X dHolHE HRo® ol Jie THE FE dAsta,

o) % olg3kol olola} AuHel ths) st FH Awg M

Hhgow A0 HEe SHWTh A temGC 2R FA AL

24 YEYT ARE &85 7| AF9 vlwe] B 3k ARRS

F7F AR FH Aol wovet G&E A=A we Bk 2Lk

aJg9= 7 A

B Aol A ALAL - ofol® 4 A8 wlolel st ofolw X4
ARE S g8 AT AF WY T2E DAL T3,
R ARE BT © St o) F 1AE JY] st /1E
A9 e, Bk guEre oe e $F 1dxE FYsH] dx
S4e B3 RUES FRA A9 2 P ole FHY F7)
ARg 9es] aemasel 47 seel B8 5 Yor], Yust
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o REle] 7R A @Al AREAR - ofol 'l AdE 2 HoJH ¢}
obol &l x4 HlolHE Hol& HHZ ol vz S5 S ¥z

A HolE dolHE 1A Adstete] Iz E D

Jr
i

o, dolE 4

mlo

3l T Al e g zE AT WA User
—item view = AR&A} - ofo]®l 4T G HoJEE RIFOR W=
JYE {2, {19 H¥" A5 E Yl ol WX BYgs
ZE=th AFgARe) ofolRl S w2 wdstal, ARgAtet AT #Hgo]
ANE ofolRlFe] AAE FHHOE YEFHATE Tag view = ofo]®l 2|2
Holg & atg o we 82 FE, ofolglef] gk 71 JRE zh=

ol¥ L Rokg zheth ofoldly B RE »ER BHs,

ke

tlolel Aol wel st e, FEet 22 57 ARE S| st

ux]2 S 2 Co — occurrence view = AFEAF — olo]Hl A5 =g
tolelE vt es [19 919 3d dAAE F8l A, 2ol gt
ofolgle] it AWE T TR FAIT ofolE R RHstL,

AFgzfo] olal ko] FrujE olo]El Afole] WAE 7FH O T s}
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AHE X} OFO| B A% B8 [ 0| ofo| & X| A &

Ann Harry Potter Harry Potter Fantasy
Tony La La Land Harry Potter Adventure
Tony Harry Potter La La Land Musical
Sindy La La Land La Laland Drama
Sindy Memento La La Land Romance
Sindy The Usual Suspects The Usual Suspects Thriller
User-item view Co-occurrence view Tag view
g — ) (& (t3)
i e I L “ N
iy ip i3 iy s

gz &5 gy R glo] dloly Ateole] 548 felslo]
ol gd-S skt o] oA Positive sample ¥ Negative

sample ° tigt JHE AA A ojd dlo]efe] 7PEA shEslok
k2] (Positive sample), = WA gFallofF &% (Negative sample) ©]
3l A xRS AAE Fojof siv}. ¥ ndo] X J A 117 o A

AL ALS) obelgle] QulEe AT, ol

o

flo

A D2 Aol SJat

b4

)

W o
2=

0

Bl FolA o

BN

sh¢rel Wapgel vsl 4As) & Best

)

= RdolM Tz FEFY AP dudel oA el
=

o7 H5=3k AWy S Ztoho] Positive
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Unlabeled example set & A}, th3 02 183X H-oA
A7d sk ofol®l uld ¥ &m] 7} B]S=sh Positive sample = Unlabeled
example set o] Zr=t}, o] AL ofolel W] Unlabeled
example set & YW|HIF FAR FAIE AFE 7|F02 F3Y5hY,
UE 7 hE FelA e AeE dske] A9l K HE] ofol'lel tis)
Positive sample & A4 3}a1, YA o}o]HlS Negative sample &=
Attt o & =9, User — item view & n HA ofe] €l 2] Positive
sample & A3}7] YA Tag view £+ Co — occurrence view 2

ofelwle] AL HEE 247 del 49l Klg Aes

UM dFetlsol iz SE2 Bld HolHe dHlY a3telA Y

Aol wef Adzve /HdE 2

ol
o
2
of|
ol
ol
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AL dolEs A, ol A daH e REYd Eas 5o
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2 Balox = ofolEl H ARl tfE] RElE sk A B EjAF9)
ShhE AHY S v o R FHE Fsts Wl HAaE FYdt 2
Bdo = F 7HA] Bl thdt &4 k= (Loss function) S 44

HE2 st $8¢ &4 g5 a1, olF HAsteh= A A

off

&r<5 (Multitask — learning) = ettt MB BAd0] sfjdsh=
2E=

ofol &l g A A= taol @Wol 220l infoNCE

d

Loss[14]& AF&3staL, A9 ofoldl S 9% ot s+ BPR
Loss[15]5 AR&&th. o] #pAolr ARGAF ul™ 3 ofo] &l dvd
o] F g st User — item view °f Sl dWldS -3t BPR

Loss & A4t}

Unlabeled example set
GraphConv. OfO| &l UHf S P

Tag View — OO &l QIH|E!
Co-Occurrence View — OO| &l IH| T il 2l ol = st
OFO| & 2t g
| =<
———  User-Item View < OfO| &l =X
AHERH UHI Y

[1™ 11] ItemGC 29 AA F+ZR%=

30 A 2-tj] &



A4 AT 24

A1 d H7 AR

2 Ao A ololvl A tfsl &5t A3E Downstream

— Precision@K : Fdlo] FH3l olo]®l K 7| Zof A AF&x}7}

i

Al Sl ofel'l e BlE

— Recall@K : AHEA7E B4 gl BE ofolvl FollA U7t 43
ofol gl K 7|7} dAwht 23hu=Ao thsh vl&

— NDCG@K : F%3gt K 7) ofo]qle] #Ad =S Ao e}
kel (Discount) 3fo] &3t gh(DCG) ¥} o) 7d#Ql +3

#(IDCG) & &

# of our recommendations that are relevant

Precision =
# of items we recommended

# of our recommendations that are relevant
Recall

# of all the possible relevant items

P
rel;
DCG, =rely + Z
i

— log, i
nDcG, = 268
P IDCG,

31 ] H "i 1_'_” 'cil]r [Tl



VA AT AFL 5709 A]=(1, 10, 100, 1000, 10000) =

drgate] daE o, 247ke] Aol gt Ft FoRE V|F3Hth

O

-

2d b ead v Hu ded o9l ARE 1Hd F7F A%
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o Aol M= RElo] sk ofol®] X4 RV} = A M

h A

29 (LightGCN) # o] - R (SEPT) 18]l ItemGC X9

= WAL LightGCN & AREAF — ofol®] A% 28 HolEvh=
Abgsto] Shsgshal, SEPT = ARSAF — ofol®l A% 28 dHlol¥ ¢} £~4

YEZ Hole g Shgatth mALoE B AN Ak

ItemGC = AH&AF — ofo]§] A5 28 Hlo]E g} ofol&l X2 Ho|HE

0(

Fg3tol stHat o

X

A5Fe whol 2ol, SEPT B3 A% #is
817] 1AL AL - ofol®l g ag dolEl, ofols A4 dHlolE,

a4 MEAD dolEt BF 9 delg A AHgstel U@ stolo}

ro
=
[

7o) H3tet= LastFM @ CiaoDVD dlol gl Ale] sl 23S

s, A= [£ 3], [% 4]9F ok

Dataset LastFM

Model Precision@10 Recall@10 NDCG@10
LightGCN 19.21 0.00% |19.48 |1 0.00% | 23.39 | 0.00%
(base)

SEPT

(SOTA) 20.19 | 5.10% | 20.49 | 5.18% | 24.51 | 4.79%
ltemGC 20.13 | 4.79% | 20.46 | 5.03% | 24.79 | 5.99%
(Proposed)

[3% 3] 7I& 7 2493 A Pl d3H(LastFM)



Dataset CiaoDVD

Model Precision@10 Recall@10 NDCG@10
LightGEN 3001 0 00% | 6.356 | 0.00% | 4.064 | 0.00%
(base)
SEPT
coTA) | 1161 | 4.13% | 6.604 | 3.90% | 4.209 | 3.57%
ItemGC | 196 | 4.04% | 6.618 | 4.12% | 4.208 | 3.54%
(Proposed)

[ 4] 71& A7 22 A v A3 CiaoDVD)

71 15 EHQl LightGCN # wlws] Roks v, 5 dlol& 4l
EE B7F AEelA 4% ool e de FdE Bl
LightGCN oAz ARg-AF — ofe]s] 4% 248 dloJElRl Sh53tal o Rz,
e S Bl e A2 e HolHERH SEeglal, o= <]l
FH Adso] "o}, 1o wbel] SEPT 9 ItemGC & AMg-AF — ofo] &l
BT AG dlolE el 747k 28 HENA PR} ofolEl A4 JRE
FHH o Sgetglth o W2 HolHERY IR S

S&a9a, o= s %

flo

FH s @5y, w3 SEPT ¢
[temGC B do] A28 7|2 o7 Bdo] LightGCN o]gh= HojA
F7F ARE g3 dx g5 FYENS w =4 s Fgo)

o) 2~
A== & & QUth

[temGC 525 SEPT 9 A5= vws] Boks w, 27 u&

F7 RS 8PSl e Bkl SOTA o] Fdhs de& HojFrh

34 "':l'\-_i _'.I:._'l'l: = |



53] LastFM dHlo]E| 48] NDCG 37} AxA = 7|& BEdS A7

SEE Q%S BolFEh o] AR Hol ofoly A2 dHolHE F7}
AR BEetel S FU AFS BHT 5 Ake 1L HAs

— GC-MCI[30] : 238> 7]¥F Auto Encoder R2=Z, FH o5&
el o] 1#fze] GNN & 483ttt

— IGMCI31] : 7} B E SFshe tiAl 24 9= el
3 A &5 (Inductive learning) 3to] F31sh= Rd o]t}

— Multi—modal RS[32] : Visual Features, textual feature, audio

feature o &2 F7F AEE Spmsto] ofoldloju; ARE-ALS]

m

&l s &<53F Graph Attention Network 7]WF R dlo|t),

— GLocal —KI[33] : 7} dX. glo] A&} — ofo]l®’l A5 A&
Oz T8 EAS ¥ 2357 Y8l pre—training @A local
kernel ¥} fine—tuning ©72] global kernel 2] ©] 8-S &-8-3t

Auto Encoder 7]¥F Edlo]t}

35 ;x_'! -"F,' ‘_]l =1 17



data &, 20% = test data & 34 RMSE & =

&2 RMSE 9]

o

3% Ant

|\

o

1

GHRS[34] : AFgAF W olo]el 27} JHE &8sl FA] 7]Hk
Z8 289 2 Auto Encoder 2 E3F EA 3 (Feature
extraction) & &3l o8] F7F ARE g5 Edo|t

N B A7 ofolg) F7b Fu g wpyo

i3
=

P
T

%1+ MovielLens — 100k dHlo]ElAe] 80%= training

garglon, 1 Aske

2.
Model RMSE
GC—MC (w/o side information) 0.910
GC—-MC 0.905
IGMC 0.905
Multi—modal RS 0.904
GLocal — K 0.889
GHRS 0.887
ItemGC (w/o side information) 0.910
[temGC 0.898
(¥ 5] 71& 3d odF 2dy} A% nja Az
= A Bde] ofels] F7F ARE S 4 0.012

A

o,

36
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Auto encoder 7]¥Fe] GCMC E &2 ARg=Fe] wo], A, 2434
ofoldle]l Bl ARE StHeIth F7F ARE nEsHA dde Wl
ItemGC oA F7F JRE 8t&shA] sk wgl Aso] vssial o,
F7F AHE sEedle ol ItemGC 9] 5 3 A7 ¢ T o=

Hol GCMC EdoA B} 2 A9 [temGC EEo] F7F AHE ¢

Z10] Whel = tFE Auto encoder 7|HF R @l GLocal - K &

ojr
o

ol F7F ARE &84 ¢1 % ItemGC 2oy £2 A
Gt ' 229 Main contribution €1 Local kernelized
weight matrix & %3t A4 Sh53} Global kernel based matrix £

%3l fine tuning ©] 3] 43 (sparse) AF&-A} — olo]El A} =&

dolH o A4 #AE X} #wstA (denser) WHEolFo] R g Est

A%

wol 719387 WEo® & ¢ Ut

IGMC R9e 371 grel o st o2 doldas g -

ofolgl g 1= Aol thal WFe] Aad wlolth L
Sl

o
12
|o
il
w2
@)
—
o>
1o
oX,
ofr
S
(il
oX,
ol
bav
N
rﬂ
re

QRS AL &
ItemGC ®do] s o] Hee "oyt @<s] 1z 3

e SlaRTt ofolsl F7h ARE FEste] o W ol 1e=E

ot
oX

= Aol s Fdel mwol Hdva & 5 stk wEbA

3H

N

MovieLens — 100k & ¥X(6.30%) Kt} ¢ @2 UEE ZH=

LastFM(0.278%), Amazon—shopping (0.052%) 2] do]Ej Al A
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shzratgich. o) wha) 2 male] ItemGC &= oko]€ 9]

Ef
Z7t7 839 1, Multi—modal RS Bt} £& A%S dAs9 Y o

GHRS &= AF£-#}F &7} A X (Demographic information, social

network information) & o}o] &l A (item description) ZHE 83t

sz BE Bd F b 28 4% w98 F7 Juse
bgow FelaEy 9 W 54 AFE 43S F ansoz

Rag ohae olek 22 dyE BT Ao = 5 3 shARt

ItemGC = ofo]§l 7} AR E sh5dte Jo2k Ao = 7Idd

T om, AREA F7F AR Qlol: e e EAE & AT

: &) 8



Al 3 A View Ablation Study

B o)A ofolq A4 xS Bl AHT olel 1o Ht
FA A% Bl 9T FEA AF Bk 292 doly $42
2l

<ol AFE IHE Fe @A FelA 5 JRE oE FelA

CiaoDVD, Movielens—smallest, Movielens— 100k, Amazon
shopping (game) EloJEJAl] tfajq AHS HPstlon, 71 A=

(29 12] - [2% 1613 #t}.

24.79

m Ul

m Ul + Co-occurrence
m Ul +Tag

 [temGC

LastFM

[2¥ 12] LastFM ablation study NDCG

39 EIR Jﬂ 2- t}}



4.209

mUI

M Ul + Co-occurrence
m Ul +Tag

B ItemGC

CiaoDVD

[2¥ 13] CiaoDVD ablation study NDCG

3268 3265

m Ul

B Ul + Co-occurrence
m Ul + Tag

B ltemGC

MovielLens-smallest

[2¥ 14] MovieLens-smallest ablation study NDCG

=

0 jim A2t &

A SECUL NATIOMAL LINIVERSTY

e

-



437 4378

43.63

m Ul

m Ul + Co-occurrence
m Ul + Tag

[ ItemGC

MovielLens-100k

[28] 15] MovieLens-100k ablation study NDCG

6.876

m Ul

m Ul + Co-occurrence
HUl+Tag

W ItemGC

Amazon shopping

[Z13 16] Amazon shopping ablation study NDCG

9 a9 HaEelA Ul &= User—item view W Q1= 7d-$-0] a1, Ul

+ Co—occurrence + User—item view ©| Co—occurrence view 7}

1:_J

H .f?v;lv-r)l A—‘I Eqi 1

SECHRIL MATIOM AL “J ERSTY



F7Fe A$, Ul + Tag + User—item view ©| Tag view 7} F7}4

A%, ltemGC &= Al 7k 77 % Qe 395 %E.

EE do]gAle] thalA Co—occurrence view Y Tag view 7}
F7HE S Wl e o] EAEL. ol FUHE AT FE FE
ALEAE - olol Bl S 2HE HolHAgANE & ¢ Sle FRE S5

ulolgfkar ke 4= Qi) &3k Co—occurrence view XU Tag

view 7} F7bd wl s Fgo] F FHow dojd As AT 5 Utk

o]+= User—item view & H|o|HE W3 slo] wh= FHY F7F AHE
o

o,
-
i,
)
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D
|
g,
-
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o
8
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=
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e
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A7k 5 gl

A 2 User - item view °| 5 7}A] H7F 3718078 &A)8t=
ItemGC 7} 5ol 71 =4 Uttt o] & F3l Side information =

gEstAH, 7€ HlolHE WEste] v # nkE

k=
)
BN
%
i)’
o

Agada ool el o & wed @ 5 ot 48 s,

Precision ¥ Recall #7} A %ol dial] =31 B wf NDCG £}

Bl

bl

3 78k

Rl [e]

1o
ox
off
ofk
02,
fijo
T
32
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LastFM CiaoDVD
P@10 R@10 P@10 R@10
Ul 19.21 19.48 1.115 6.356
Ul + Co—occurrence| 19.71 19.99 1.145 6.534
Ul + Tag 19.73 20.02 1.146 6.563
ItemGC 20.13 20.46 1.167 6.665

[ 6] Ablation study Precision®} Recall Z23(1)

MovieLens— MovieLens— Amazon—eames

smallest 100k g
P@10 | R@10 | P@10 | R@10 | P@10 | R@10
Ul 26.90 | 13.92 | 34.85 | 22.85 | 1.855 | 11.11
R 27.61 | 14.65 | 35.89 | 23.47 | 1.856 | 11.22

Co—occurrence

Ul + Tag 2771 | 14.76 | 35.97 | 23.53 | 1.865 | 11.26
ItemGC 2774 | 1478 | 35.95 | 23.63 | 1.866 | 11.26

[ 7] Ablation study Precision®} Recall 2 3(2)
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AbSFEE

2 AT = 71E F of glolgAlo] 7HA] = sparsity wwAE

sidsta AWy sta= il sl ofol®l A4 FEE &E53it.

TE xS WS Ao, AREAR - ofol|] e

1 wA A

uo*'

147 2 A)oA 71& A9 ItemGC 2] A5

>_>.11

Hlwslgeh 71 485 43 29 (SEPT, ItemGC) & F3 A %50]

o

Abg A} - ofol®l AT AL dlo]E Rk d<53 2 (LightGCN) B.th

Q438 Ao 7 Hol A4 YEL AL ofoldl %A ARl S 7}
ARsk 8 A% Bl B E 5 Uus 22 gsdn. £,
712 SOTA 2d7 231 A% vuE 98 A1gA - ofol®l A5 &

o]y, &4 YEL A do]g e} ofoldl A2 HJH7} BF 9l LastFM,
CiaoDVD dHlo]EjAl o2 A3t} o] & F3l, temGC Edo] A4

YEL T dgolg ¢lo] 71¥ SOTA RE(SEPT) e &=3t= A%S
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Abstract

Enhancing Embedding Learning
for Recommendation Utilizing
Item Knowledge Information

Jaehong Lee
Department of Intelligence and Information
The Graduate School of Convergence Science and Technology

Seoul National University

Based on the log data accumulated by the user through actions such
as purchasing or clicking an item, the relationship between the user
and the item was identified, and recommendations for the item were
made by applying methods such as collaborative filtering or
content—based filtering. Advances in graph neural network (GNN)
technology have enabled us to design a recommended system model
that can well consider the relationship of the target, and
demonstrated superior performance over existing methodologies. In
addition, it 1s advantageous to utilize various additional information
such as user profiles and item knowledge information for more
accurate recommendation. In a recent study, graph contrast
learning(GCL) was performed using social network data as
additional information, and it showed good performance on several
recommended datasets. However, such social network data is
difficult to obtain, and there are many cases where there is no such

-
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social network data, so it is difficult to use. Therefore, this study
proposes a plan to improve the recommended performance by using
item knowledge information data instead of social network data. We
achieve similar levels of performance to existing study using social
network data as additional information, which shows that high levels
of recommendation are possible even in the absence of social

network data.

Keywords : Recommender System, Side information, Graph
Contrastive Learning
Student Number : 2021 — 25242
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