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Knowledge-graph-enhanced Advertisement Recommendation Algorithm

ZHENG Cui-Chun', LIN Xin-Yang', LUO Long-Quan', WANG Jing-Bin

'(Xiamen Zhonglian Century Co. Ltd., Xiamen 361008, China) ,
*(College of Computer and Data Science, Fuzhou University, Fuzhou 350108, China)

Abstract: With the rapid growth of the Internet advertising market, accurateladvertisement recommendations have
become crucial. Effectively capturing the interaction between user and advertisement features is key to improving the
prediction of click-through rate (CTR) and conversion rate (CVR). However, existing CTR and CVR prediction models
suffer from feature dependency bias and insufficient semantic information extraction from ads. To address these issues,
this study proposes a knowledge graph-enhanced advertisement recommendation algorithm (KGEARA). The algorithm
constructs a knowledge graph by converting structured data into triplets, effectively integrating advertisement feature
information and capturing relati\bnships between ads. Through knowledge graph representation learning, these features are
transformed into embeddings that merge the semantic characteristics of ads and capture interaction details. Further, by
combining advertisement feature embeddings with other feature embeddings, CTR and CVR are predicted through expert
networks, gated networks, and task-specific towers. In addition, inverse propensity scoring (IPS) is introduced to address
click-bias issues and correct prediction biases. Extensive experiments on real-world advertisement datasets demonstrate
the effectiveness of the proposed model in improving CTR and CVR prediction accuracy.
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Aﬁézliﬁ’lﬁﬁﬂﬁﬁ, M AE T SRARR I 25 T A R A
AN TR B ASCE . IR 792 AT LA R I PR e A ) AN 3
SIS N 22, A ORASE TR JHEI % 1 2R B8 g vhE g
HRAHR R BN

LZLRS +/lLIpS (11)

iR, yi RN F I A

(inverse

3 SIS AT Ly

A VAN GRS B AT, B 56 A BT
A 5 A S0 Y, SR SRR A Y T AT S B0 BOAIE A AT
i, fE 2SRRS4 MR AR, ACCRERIE CTR A1 CVR Tl
AR S5 TR LR i Y.
3.1 HE&E

SR TE B ST R AR Rk AT, R SRR T
NE B, e ERR RS SR Ea s
&Y (% D, IEE E, MEEAR, ) M8
Y (H 7 1D, Freedims, SR8 55) LA R LI i o Fl %
WG L. 280t A Ak 3 DA PR B AL e 4, B S5 5
30 RAIIFRLEL, STHEL S 19962455 Zkidsk. BRI
SRS BN 2 B, AR AR EE I RN ARk
B, BATK 2024 4F 6 A 1 H-2024 4F 6 A 24 HHEE
YENIIZREE, 2024 £ 6 H 25 H-2024 4 6 H 27 HHY
BAEAE NSRS, 2024 £ 6 H 28 H-2024 £ 6 A 30
H E5E 4. BT 30A 1A 150 S = w4t
g 7 2R R P (T 5 R R B, AR SR TE A TR
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i H AR SN A

e b AT SL0, e BiE TR E L S BIE R
iIE KGEARA T HH vk,

*2 HEGIE
el ok EAE Ty i ALK
R 16252934 10564921 882635
IGIE4E 1825256 1403291 109652
MIREE 1884265 1485859 104564

3.2 IHRE

AR SEEGH B PyTorch HEZRSZE. L) &4
PR E N 1024, AN ZYEE N 32, F IR K ERN
0.001. Dropout F ¥ & 4 0.5. f#i Fil Ubuntu 20.04 1
RY, 425 5 N Python 3.7, GPU S NVIDIA RTX
3090, FTA SE0 AR AE [R] — SR R HEAT
3.3 i IERR

SeEG Y, ARSCEPE CTR M CVR TN H I AUC
A1 LogLoss {E A PEALFEAR. )

AUC 78 ROC (receiyer*operéting characteristic)
2 T AT AR, FH 3 R E A (R A T R 2
VR IEA 2 2 (Al 1 RE, AUC $ A 7 %) 55 B B2 44 14 R
ZRa L. tHE AT FR:

TP P i)
avc=y — (12)

{ L Piepes > Popek
I(Pippeso Pope) = 0o Pirpegk = Popes (13)
0, Pippe < P
Horh, IRRGT R, M ORIEREARSL, N N FOREASL

LogLoss BT #4512k, /& sy rh iz i Fl i
b, FFE PN A 2 (B FIEE 2. LogLoss A F RN
0, NN A1 TESE UL, {H B /IN R 7R PE BE LT
34 LWMEER

RSO 57 5 H b MR A B 45 SR 2 3
Frow, I8 o A SRl T AR 21| LR 4518,

#3 SRR

N CTRTM CVRT
B AUC LogLoss AUC LogLoss
LRM 0.8616 03496 0.8416  0.1661

SharedBottom"!  0.8821  0.3387 0.8594  0.1588
MMoE? 0.9085  0.3353 0.8689  0.1574
PLE™! 0.9098 0.3359 0.8644 0.1594
ESMM"! 0.9151 0.3351 0.8728 0.1571
MRDRP4 0.9196 0.3329 0.8804 0.1556
ESCM*! 0.9214 0.3317 0.8869 0.1527
AECMPY 0.9250 0.3304 0.8927 0.1519
Ours 0.9403 03223 09134  0.1467

AR SCHEH ) KGEARA 7E B S 50T 5 a4
RIUE T AT LB, 7E AUC $8h5 b, MR T &%
RIELE 5> HEAF T 1.6% F1 2.3% I3 T, 7F LogLoss
Farr b MIEUR T 2.6% F1 3.4% HIHEFF, R0 7 Hox
poi o BN AL SR TR AT S R AL . A AR
NEEHEG AP S ERME A EE, ZIETT
S RE UG BRI 2 A RBER . AIA TSI
SR PR (R S SR RN, K TR 25 T S R A R AE [
B I VT 2 R RS AR, RN A A A Y
BN, SEBLT 0 TS SR BBt P 4
KA R, (5 B A 2 T 5 2 1)
(I8 R R, ARSI M KGEARA SRR F HoAt 2
L5 IR UG UE 1 AR SCHE HH P A e L PR £ T 5 N
BEME R 5 S SUE BT S A A HAS B
3.5 HRASCIY

ARG B AETR S % 0 i R (CTR) Al
HE3 (CVR) T RS A RE it 2% B ol 3 e A A o
(9 SRR 7, DADPAL ¢ 38 43 A5 70 5 1 P 1 TR
Hrr, —KG Rn EBR AR ERE B -PS Ron £ SH
=ik CTR AT CVR T 1 2 $0M BT —Loss 38
ANE WA AR, 2O BCELoss 109, HARSLIG 45
mk 4 foR.

K4 HEEBEER |

.- CTRTTH CVRTTW

AUC LogLoss - AUC LogLoss
-KG 0.9218 70.3348 0.8918 0.1553
—l\’S .0.9289 0.3315 0.8952 0.1519
—Loss 0.9311 0.3294 0.8994 0.1506
Ours 0.9403 0.3223 0.9134 0.1467

BEX AR B RE A R, oo 2R B KG B, I
CTR TN AUC 1 5EFERL ] 0.9403 T F£ 2 0.9218,
R4 T 2%, LogLoss M 0.3223 L JF% 0.3348, #07
3.9%. %tF CVR Fiilll, AUC fE M 0.9134 FEF2 0.8918,
FEAIK T 2.4%, LogLoss M 0.1467 ETF2 0.1553, #40n
T 5.7%. IX WY AR S AR R b B T 0 R B RS R
X4 CTR A1 CVR FRI AR At 12 A0 PR AIC 45 2Rk LA
B EAE R BTN 5 AR A 2R TR A I ik SRS,
ML E S50, CTR AT CVR Tl i) AUC {1 EE
SERAE 37 R BE T 1.2% 1 2.0%, LogLoss 43 340
T 2.6% F13.5%. KAk ek B B 4y BCELoss J&, CTR
FICVR T 1) AUC {EAH L 58 BRI 2353 R B T 1.0%
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F11.5%, LogLoss 78 3N T 2.2% 1 2.6%. iX K H5]
N [l 10 VT 53 BE 4% 2R A T s FFE A AR DR R K
AT B AR TR 2.
3.6 FREERSLT R

N B IR R P T AR R AE LA AR Y e A R,
FE 258 ook 0 R B AT R 2] MMOoE. ESMM #
ESCM? #A! b ) 45 40N [F) HEARRFAE 150\ 67 A e
A ARSI i B AR 5 58 3.1 A R A B s o
Rk, Seaaas Rk 5 ps.

K5 KG HHULR g i

TR CTR_AUC CVR_4UC
MMOoE 0.9085 0.8689
MMOoE+KG 0.9174 0.8804
ESMM 0.9151 0.8728
ESMM+KG 0.9262 0.8843
ESCM’ 0.9214 0.8869
ESCM*+KG 0.9317 L 0.8982

2

2 B, R TR L R 05 4 RO A 51
MMOoE. ESMM 1 ESCM* #7 b 42 FHEEA i) i o
2 G AL 2T 1 BE. 7E MMoE B i, 5] X\ Z1iH ]
TR CTR A1 CVR TN AUC {53 5l3 Tt T 1.0%
A 1.3%. 7£ ESMM B8 A 5] N JHR E S CTR
AT CVR WU AUC 1H 53 5T T 1.2% Hl 1.3%. 7£
ESCM? #E A 1, 5] N HIHR B A5, CTR AT CVR il
T AUC A MEETE T 1.1% F1 1.3%. X8 BH &0
A RE A R T MMoE. ESMM il ESCM? (¥
IPE fE, 3 35 TR DR A SR TR B A i F B2 5 1)
(18 SCOR IR A RN AR B, T BE G B g ) P X AN (]
R
3.7 BHXW ,

i N B 1557 1 el TECAAB T . 5 00
T4y 8. 164 32 Je 64 K JLAMRNYEIL R B E. L5
sE AN 2 B, BARIG 4 B8 i N4 T A IR
TERIR ML BE I /N, R BT RCFRIBRFAE, AT 5 M A5 7Y
(IPERE. B RN GRS 36 0, B HAT B8 5 1 G A
73, 88T, HAERNGERE S SN (A 64), FTREZ Gl AR LA
FEAE R e A, S BRI I BB SR A SRR, Kk
N2 Y LV BN 32 B R 3R15 55 A 1 Jo0 42 .

3.8 ZREMR

FAVHAT T 2% BN, 325 R T AR S
BRI F R ZE PR 3. LA SR B FRA1ME A PyTorch
TR PE 2 I HEZE SR AT SE . | 5 2 Al 37 i

86 R4i# % System Construction

A, FRATIEIE IR P U £ 5 SR £ A5 280 76 S [ 0 BB
G Rl VA6 BT 20 P L 26 ok B A
ST R LR F T A T RE 2 fEL

o ST SR H6 /AL AR B 25 I R 430 )
28 ] S FUEE N, BATE R i B T 20 R,
T T K% 3.4 JF ALY B 4.7 J RO TRV, 4
KT & KGEARA RS S IR T 7%, BEAL IR
BT 6.6%, WP AR T 4.3%, W d R
T 3.4%, BRI EIHFERE S T 7.9%.

o JPHLSRIKC: 6 FiL 1 AL M 55 A %
P 70 5 5 P ST ER S FRAE %8 S 0
T.20 K, i T KL TTH0MT V%A 4.8 75 05U
WG 3 ATTT  KGEARA BT 5 23R 15 T 4.6%,
HACRIRR T 5.2%, AP IMETR S T 13.7%, Bk
M ESEE T 13.7%, BARE)) S IHAENR & T 15.5%.

4 8 16 L\ 64
Embedding dimension’.

2 R R
\§

4 A 5RE

ACHFE T — A ER B E R ) S HEE EE
(KGEARA). SEBG 45 S EW], AR H T —FP AR R
R BSCHR P A 2 AR i ) R0, e I o 4 ) A B e A
o= AR, BERGT HREFRm L & 2 18
MR AR, LEHIR B R R 22 S B, R A TransH A4,
X B RFAE AL A N IR N R IR, I iR N RN R A T
FRIVE SURHIE 5 Ot a3k 35 2 RN A2 AR B KX
e N5 HABAFAE RS &, i TR 1M
28 FUAT 25 35 SR 00N pit o 2R RN AL 26 [RIBF, 5] N9 ) 150
IF) PP 4 S Ak B ok 50 1) AN 359 F 1) R, AT A T F300 rh
B 22, 5 HABRI R AR L, KGEARA #E R4 7F J5 Fp i 10
EARARI T R AR SRAS B2 R T, AW TR T
HAR B SRR o) 5IRE S I & 1E ) & SUsR A
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feature interaction learning via self-attentive neural networks.
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