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Research on the fusion of knowledge graph and lightweight graph
convolutional network recommendation system

MA Tiantian, YANG Changchun, YAN Xinjie, JIA Yin, CAI Cong
(School of Computer Science and Artificial Intelligence, Changzhou University, Changzhou 213000, China)

Abstract: The algorithm based on collaborative filtering is the most important method in the recommendation system.

However, the cold start and data sparsity characteristics limit its recommendation performance. We propose a model that

combines a knowledge graph and a lightweight graph convolutional network recommendation system to address the

aforementioned issues. The model embeds and propagates multiple items in the knowledge graph to obtain more high-

order neighborhood information. It aggregates through a lightweight aggregator to predict the score between users and

items. Finally, the experimental findings of MovieLens-20M, Last.FM and Book-Crossing on three real datasets show

that compared with other benchmark models, this model can achieve better performance.

Keywords: graph convolutional network; knowledge graph; recommendation system; embedded propagation; collabor-

ative filtering; sparsity; neighborhood information; lightweight aggregator
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SPGCN #5276 & —ofr it 2] ity 1 4 72 R G A ARl
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3 EE RHERMN

T S T A AR ) T R, IR B AE
3 M dE 4E MovieLens-20M , Last.FM, Book-Cross-
ing BiFAT TS8R, PR S S BB RI AT X L .
3.1 KWIZEMHEE

AR B IEFTHEE N Winl0 R4 . 16GB N
7, fdi FH Pycharm %X {4 Al Tensorflow 1.4 it A< HE 42
FEHEAKIA

RIS EOEE WML 1 iR, kA Adam
J# B Ak 77 85, Dropout %4 0.6, AR ECH
100 K, RAE B ABIANE 0 R 4 T8, i A 4EJE
G0k 32 R 16, 2 2) 34k 2x107 il 5x10°

®1 XKRSHPKE
Table 1 Experimental parameter settings

PGS MovieLens-20M LastFM  Book-Crossing
(URAATL i Adam Adam Adam
Dropout 0.6 0.6 0.6
EX ANV S 100 100 100
AR 5L 4 4 4
Batch size 65536 128 128
2 5] % 2x10° 5x10 " 2x10 !
AL 32 16 16

TEARSCE T, SR T & AR AEE 3 1A
(] <08 3l %) 5 4l 4 o 7 A S 1l FH 9 B8 4 Movie-
Lens-20M, Last.FM Fll Book-Crossing % 4t 1115 i
W3k 2,

F2 BEENHEXER
Table 2 Statistics of datasets

FIGIES P T H Kk AH Kk SRt AR A RS = o4
MovieLens-20M 138159 16954 13501622 102569 32 499474

LastFM 1872 3846 42346 9366 60 15518
Book-Crossing 19676 20003 172576 25787 18 60787

MovieLens-20M: J&HEFE R G0 12 ffi A B 1fE
BAsE, TR ZZDHP X2 E R
5, P i OB A B (ALY id 2R
A PSR B CHP B AR A ) .

Last.FM: j& & FH P Ur)w sl % . &
HAMPWEYER B LR SUFES o 78 Last.FM
A A SO, e sk S P E R .

Book-Crossing: iX ™ % & £ /& Book-Cross-
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32 AR TR

R T BEAF PR BIAL, FEAR SO PR AUC
(MER ) | F (2565 AR A A M 3) | preci-
sion (KE #1R ) LA M recall(4 1] 3R)4 48 b AE R BF
fli¥8 45 o precision Z& 7 X MR 4E ) 45 R 432K 5,
I B0 0 2 7 R B B ], R R e, AR A
RIS o recall 7R~ 43285 15 0 20 W7 19 > %k
o7 4 E A B0 1 AR, HAE BT IR B R RE AR
il g, F, &— - HHE precision Ml recall Z5 & %
JE) — AN PR BB TS An, Fy 8K U0 BH 5S4 o o
o AUC flij it T — AN RS i 2 R vk BE 48 b, HLAH
— A 0.5 F 1 ZI], 8 8 B B 1 R B4 o
2% 3 BN AR E R R, TR WEFE FEFR A= 22 56
—HAREFR T W A 2R, B — 5 A R R
1) 3% A2 5 e, R — AT AR BUE ) HL St R
FH, BT SR T R XA B S
R

Book-Crossing P ™% & 4 i i F2 1 0 K, 3% B
T AE E BRI 4% T ) AR 2k G pR R | R AR
SGERVEXTHERE RGPy U ] DEARAE AN SR BITR
KT,

F4 AUCHF EMHISEER
Table 4 Experimental results of AUC and F; indicators

A% MovieLens-20M
B AUC F
RippleNet 0.950  0.910
KGAN 0965 0.926
KGCN 0977  0.930
SPGCN  0.978  0.934

Last.FM
AUC F| AUC F,
0.776 0.700 0.715 0.650

Book-Crossing

0.788 0.722 0.734  0.681
0.776 0.708 0.738  0.688
0.817 0.743 0.768 0.715

3 REEH
Table 3 Confusion matrix
Ty IEREAR UL
IEREAR TP(ELIEf) FN(fif f5l)
TREA FP(fERIE 1) TN(E [ f)

RT A AR R, AR SCRELA R 3 Fl
25 i A ) KGAN, RippleNet, KGCN 1E %} [
7k

KGAN X J& — > 1 R 3 1] 3 B ) 4% &
A BB SR T AL, A Rk
T+ TR RE

RippleNet S8 ({4 HITR R IR G 4R R 40
HEAT I 25 0% ) 2% 25 44, 3 2o 78 S0 1IR3 A A% 3
FH P s, DO AT DL & B P B4 AS ] Y% 8 5% - 51
AP HERE

KGCN  F| FH R B X 1 H 098 PR 15 B
BOIERE P e a5 B, R 24 EE R
2N 350 H A8 5 A5 SRR B s B AR R A
RBE
33 KWHR

TEX — 5, PEHR 3 Fl 3 3 4 2EAR AR R X
Fbacss . MFE 4 al IE H, £ AUC FiL F, A
FeHR T, SPGCN BERILE 3 4N Bdl 4 1 i85 SR 240
T HARRAL, SPGCN HERIFE Last FM £ 454 I AUC
I F, $8 55455 ML FF T 4.1% 1 3.5%, 7€ MovieLens-
20M HHE4E A BIHE T T 0.1% 1 0.4%, 7E Book-
Crossing 26 4E LT T 3.0% M1 2.7%, HJH A
JEHH H 8 F MovieLens-20M (3% %, Last.FM Hl

TEZR 5, BCE T TEA R A A4 B2 (H d %
Wi N AUC B B0 o Bl i A 4 B2 A A 1B 38
7t Last.FM F1 Book-Crossing % #i 4 = AUC {f #
Skl By, TAE MovieLens-20M 38 4E F AUC PEfE
T Wl A 2 0 5353, {EL i HC Wi SO B A b, Xty T
S IR - U N NIEYR (A E AL S TI T
BAF R BT T B R B A PR R, (EUR A B9 2 S
b, Wik Gt A R, UL — e IS
T AR A LEJE
x5 AEMHNYEE X SPGCN #E! AUC f5HRAIF M
Table 5 AUC result of SPGCN with different dimension of

embedding

R AZERE
16 32 64 128

AEITE S

MovieLens-20M 0.978 0.977 0.976 0.976
Last.FM 0.815 0.819 0.824 0.828
Book-Crossing 0.735 0.746 0.776 0.768

FEFR 6 1, BEE T RAESBIRAT A K A
2.4.8, 16 %M T AUC {HRTE ML . SLIREH, 4
S RE R AT S A R Ty 4 B, AS AR TR B 1 RE AR A
TOREER T AN £, REERE M T
B, X RS A T ik 2 4R SAE R, B
Az LA IS S5 AUC FO{E FEAIK .

R6 TEAMRFEMDEHET RN NT AUCHIE
Table 6 Value of AUC under different sampled neighbor-

hood nodes N
" N
G
2 4 8 16
Last.FM 0.814 0.820 0.815 0.814

MovieLena-20M 0.977 0.978 0.976 0.975
Book-Crossing 0.722 0.735 0.783 0.786

s 2~ 4 frs, BRI A T Last.FM
MovieLens-20 F1 Book-crossing 55 3 P4l 4E I 78
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Fig.2 Experimental results of Last.FM under different
number of prediction examples K

05
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0.4 | —o-- KGCN precision
—+— SPGCN recall
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Fig.3 Experimental results of the Movie under different
number of prediction examples K
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Fig. 4 Experimental results of the Book-Crossing under
different number of prediction examples K
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