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Knowledge Graph-based Recommendation Model with Bipartite Knowledge Aware GCN
MA Han-Da, HU Zhi-Peng

(School of Computer Science and Communication Engineering, Jiangsu University, Zhenjiang 212013, China)

Abstract: To address the problem that existing knowledge graph-based recommendation modelsonly perform feature
extraction from one end of users or items, missing the feature extraction from the other,end, a bipartite knowledge-aware
graph convolution recommendation model based on knowledge graph is proposed. First, the iniiial feature representation
is obtained by random initialization characterization of users, items.and entities in the knowledge graph; then, a user and
item-based knowledge-aware attention mechanism is used to simultaneously extract features from both users and items in
the knowledge graph; next, a graph convolutional network is used to aggregate feature information in the knowledge
graph propagation process using different aggregation methods and predict the click-through rate; finally, the
effectiveness of the model is verified l;y comparing it with four baseline models on two publicly available datasets,
Last.FM and Book—Crossing. On the Last.FM dataset, AUC and F'1 improve by 4.4% and 3.8% respectively, and ACC
improves by 1.1%, compared with the optimal baseline model. On the Book-Crossing dataset, AUC and F'1 improve by
1.5% and 2.2% respectively, and ACC improves by 1.4% . The experimental results show that the model in this study has
better robustness than other baseline models in AUC, F1 and ACC metrics.
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(2) WFFCHRANGESE dim XL (1 820, $R AT dim B
A 16+ 32, 64. 128, 256 IF#ER AUC $EHRIIARE,
SRR 5 Frs.

£ 5 AR AUC i

AR 16 32 64 128 256

Last FM 0.816 0.819 0.832 0.816 0.810
Book-Crossing 0.710 0.716 0.721 0.749 0.728
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i H AR SN A

MF 5 ] LA 82 2, 7 Last.FM ##i4E I, 4
dim=64 B}, 8 F8 % 2 5] 2 JE 0% RFE(E 2., 77 AL
R tE. 78 Book-Crossing 4l % I, 24 dim=128 K, 4
TR R AT ARSI N dim ] L3R E A Rk R, A
BOKRH dim 7 PAgm RS 5 2 1 A - A H {3 S, T B
dim F3G M2 S0 G, A RBAHCR R IE.

(3) WFFCF T E 4 vty 75 R S AT AR JE R
PR RAE H 2 0 AL 52 e, 1 FH P o PR R =
Ku FII00 H s K AE 45 B Kv BUE 5009 4. 8. 164 32
AI164 32, 64, 128, 45Nk 6. £ 7 fiw.

%6 F Al R R X AUC BREm

G 4 8 16 32
Last.FM 0.823 0.832 0.817 0.811
Book-Crossing 0.706 0.711 0.749 0.729

K7 B RAEREXT AUC 152

e 16 32 Q640 128
Last.FM 0.811 0818 © 0.832 0.816
Book-Crossing 0.716 10728 0.749 0.724

MF 6. £ 7 A LUE H, % Ku #1 Kv 735 B —
AN PO A TE R I, B AR B R ORI A& & 1
BT B4 SR AR AR B, B5H AR B, 5~ 215 B
A B A SRR Ku 1 Ky 25 LB/, 7E Last.FM
BT, 2 Ku=8, Kv=64 I}, HEFE R R & 1F. 7F Book-
Crossing 2+, 24 Ku=16, Kv=64 I, #7# RUR fef.
3.5 JHRLOHT

N T BB AR [ R P T P AT
BE TR0 R 1 [ R A ) DTHR S A R, STE A
X TR AR A P BRI H 2 AR S — g AT TR

AN E B ERAE ATV Rl S5 {8 B KGBCN/u AR A% |

M AT R B 5 AR 4, KGBENAY UK
AT H — 3 32 4T 1 R0 [ R S0 45 SR L

%38, 7
*
TR Hmai R
Last.FM Book-Crossing
Model
AUC F1 AUC Fl1

KGBCN/u 0.808 0.741 0.738 0.664
KGBCN/v 0.783 0.708 0.737 0.656
KGBCN 0.832 0.756 0.749 0.703

ANV il S 6 45 SR RT DL, A P i kAT R
AN B R /R LE Last.FM il Book-Crossing H(#i 4
b AUC F Y5 2.9% 1 1.5%, F1 FFE21 2% Fl 5.5%,
AT S 15 4T R AN 1B 6 AR R A AE Last.FM A
Book-Crossing Z(#5 4 I AUC T F£2) 5.9% #1 1.6%,

F1 NPEZ) 6.3% 1 6.7%. S5 45 5L 3 B R FH XU KA
TR B A AR EAY A — i AT N R B S AR TR AT
25 AT AT — S R S e AR Y (R R, IR B T X g
SRR T A AR T DU RUCHRE e B Y R 1 .

4 SRR

ST A SRR BT R BRI B4 J B L,
RSO TR o B 5 8 2 2 I L A
REAAESI . S H (ORI, o T ik
O/ LR T HE27 2 BN PTARREE. #1745 KGON
HUASAE AR 23 LB A SCHE ) KGBON i
WP S5 FS0 i 152, 0 e 7 4 4,
AN 2 38 5 e £ 6 0 P 5L L 0 U8R
HIVERE A BUBIBREURHAE (2 B, N T F i F
R A5 8. E P2 S 20 T AR e 47 S
JERA T BT RO SR W, XU P
FERE B FIP o 350 R LA R T
HERE IR . /6 RORB AR 247, T DA SE 4R T 2E 1
P e T SRR 7 R F 8 7 T 4 £ 6 D £
I Ao 0 (7 51 B 0 50K RE, ATTTiE— 2 $75
HERE U OB, DT, 0 R S L 0 4
FIFL PR 5 2 T SR ST HOHE R AR SEHO 46 25t AT H
Fwic

\ \‘3
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