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Knowledge Graph Recommendation Algorithm Combined with Graph Attention Mechanism

ZHANG Xiaowan' \DENG Qiujun® and LIU Xianhui®

1 College of Electronic and Information Engineering, Tongji University,Shanghai 201804, China

2 CAD Research Center,College of Electronic and Information Engineering, Tongji University,Shanghai 201804 ,China
Abstract Due to the problems of data sparsity and cold start in traditional recommendation algorithms,and the item is regarded
as a separate individual, the relationship between items is not considered. In order to solve these problems,recommender systems
start to introduce auxiliary information. However, the existing path-based and embedding-based knowledge graph recommendation
algorithms do not consider the importance of different entities to users,resulting in entities with lower importance having a grea-
ter impact on the recommendation results. Aiming at such limitations, this paper proposes a knowledge graph recommendation
system combining graph attention mechanism, which firstly uses graph embedding method to generate initial representations of
users and items,and then employs an attention mechanism to distinguish the importance of different neighbor entities during rep-
resentation propagation.and generates user and item sums through weight summation. The final prediction layer generates the fi-
nal representation of the user and item,and predicts the probability of user and item interaction based on the final representation.
Compared with other algorithms on two public datasets Amazon-book and Last-fm,and experimental results show that the model
has improved in indicators recall,ndcg, precision, HR,indicating that the model can effectively improve the accuracy of recommen-
dation.

Keywords Recommendation system,Knowledge graph, Attention mechanism, Higher-order connectivity, Embedding propagation
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Table 2 Performances comparison of different recommendation model
Amazon-Book Last-FM

recall ndecg precision HR recall ndcg precision HR
NFM 0.1366 0.0913 0.0135 0.2218 0.0829 0.1214 0.0323 0.3148
CKE 0.1326 0.0893 0.0140 0.2333 0.0730 0.1181 0.0305 0.3236
CFKG 0.1171 0.0793 0.0124 0.2064 0.0676 0.1083 0.0275 0.2950

RippleNet 0.1336 0.0910 — 0.0791 0.1238 - —

GC-MC 0.1316 0.0874 - 0.0818 0.1253 — -
RXH % 0.1489 0.1143 0.0154 0.2546 0.0863 0.1724 0.0343 0.3542

B3R 2 g B XF L 45 SR ) DUR A SOBE R A8 75 A 550 40 FIH R RN .

4 b B WA F8 AR AR R Bk A . T8 AT recall@ 20 7 Amazon-
book Fll Last-fm 435427 T 21. 4% Ml 21. 7% ; 48 4% ndcg
@20 £ Amazon-book Fl Last-fm L 4r B 425 T 30. 6% F
37.2% ;385 precision@ 20 £ Amazon-book il Last-fm [ 43
SRR T 19. 5% 19. 8% ;48 b HR@20 £ Amazon-book 1
Last-fm /20 BI85 T 18. 9% A1 16. 7% .

DNFM (3R FAS SCRLRY , b A AR TR g e AR BE 47
2 NEM 19 Bt 2 AT LA 38 0 7 s 13t H 3R Z [ R ek
FIRFIESE R . {H2 NFM AR A SCRER, HOR R F i g
IR B 7 X R v A v B 34 5 A B A R B i 7
43 LA B P R I H 3R, N4 31 5147 1) 20 25 51

2)CKE Il CFKG # R A 41 NFM, 7] 5 2 B o 5 T 1E

] A B4 4 5 7 3k Tk 6 23 M) AR P Al O 4R R R =

3)RippleNet 3 BLEIE T AH 48 52 4K /) TR B # 5 X5 T
ol F P SRR B A SR T e 3 o A R 4 S A A
XA 45 R T

4) GC-MC e JH 4 72 [ 28 A T AW, AR SCRERLRR I = S0 21 1%
SCRFLCEAMHR R, B IR =TT M R RN kR
SR A Ve RE A (L 5 I ELAR R 1o 42 AR 0L 4 of o 8 AN (B AR B
P e A (B . AR SO AL GC-MC R 3ICR B8 4, U

15 G SEL AR R T ) A B P Y T D AL R A SR
H—EMEH
5.5.2 HakEki
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T IH R SE B AT 0 L, SE R A AR AR 3 A,

#3 MLy aE R
Table 3 Results of ablation experiment
Amazon-Book Last-FM
recall ndcg precision HR recall ndcg precision HR

Attention-only 0.14861 0.10076 0.01544  0.25476 0.08574 0.13325 0.03442 0.35380
Coupled-att 0.14877 0.11427 0.01543  0.25471 0.08594 0.17159 0.03427 0. 35360
Similarity-att 0.14836 0.11401 0.01539 0.25418 0.08586 0.17168 0.03425 0. 35400
LN 0.14876 0.11434 0.01541 0.25463 0.08630 0.17241 0.03429 0.35421

Attention-only & 78X fifi F % AT 24 14 33 78 F1 ML o %o o7 2K
(4) ; Coupled-att &7 5+ T # Ay JEAH L M 3k 52440 2 S 1A 1
AT ) 2 RS 26 BUIE B9 5 ), 6 N 2 (5) 5 Similarity-att %
AN T 1h) ek AR UM L E 6 A TransR $59K 1] 42tk 0 30 & 3%

B SR R Sk A5 56 R 2 A0 5 R SR 1 BT L T

BB R X K (6) s A SRR F G T RS
fi AR AL T 2 % (T

Hi 3R 3 AT LA M A SO vk 7E WA B8l 4 B i AN 98 A
R B i . 7F Amazon-Book ¥ £ L. recall @ 20, ndcg
@20, precision@20 Fl HR@20 43 M3 F+ T 0.27%,11. 9%,
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