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Study on Recommendation Algorithms Based on Knowledge Graph and Neighbor Perception
Attention Mechanism

CHEN Shanshan and YAO Subin

School of Computer Science, Nanjing University of Posts and Telecommunications, Nanjing 210003, China

Abstract In order to solve the cold start problem caused by traditional recommendation algorithms when they face the recom-
mendation task with sparse data,this paper introduces the knowledge graph into the recommendation algorithm, combing a new
neighbor perception attention mechanism to replace the traditional graph attention mechanism to mine the higher-order connected
information between entities,and proposes a recommendation model KGNPAN based on the knowledge graph and neighbor perce-
ption attention mechanism. Thanks to the knowledge graph.recommendations can be accurate, diverse and interpretable. This
model can effectively alleviate issues of data sparsity and cold start. Firstly.this model utilizes the graph embedding method Ro-
tatE based on self adversarial negative sampling to expand the semantic information of the original item and user representations,
mapping entity and relationship vectors into low dimensional embedding vectors. Secondly,based on the different types of collabo-
rative neighbors,neighbor perception attention mechanisms are applied to aggregate neighbor node information,enrich the seman-
tics of target nodes,and recursively mine high-order connected information in convolutional form. Finally, the inner product opera-
tion is applied to calculate the interaction probability between the user and the project vector,and the recommendation result is
obtained. Experiments are conducted on two common benchmark datasets, Amazon-book and Last-FM, and compared with six
benchmark models,namely CKE, BPRMF, RippleNet, KGAT, KGCN,and CAKN, KGNPAN. The results show that KGNPAN
improves the recall rate by 1. 30% and 1. 37% ,and normalized discounted cumulative gain (NDCG) increases by 1. 26 % and
1. 14 % , respectively,compared with CAKN model, which has the best performance in the benchmark modes, verifying the effec-
tiveness and interpretability of the model.

Keywords Recommended algorithm, Neighbor perception attention mechanism, Knowledge graph, Graph neural network, Cold
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Z B EAER A o RS G
=ReLu(W,; « (e, +e,, ))+ReLu(W,
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G o I 5 2 8 O 22 8 A R AE #E 4T Hadamard FUS #E
1T ReLu Z8 ¥, Bi-Interaction & #% B8 4 MO8 B3 48 F& 7 A5
Z 8] 32 HAR A% 3 58 22 MY T SR RO LY 4F 2, AT
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AT Lk 3 Fh IR A A% 40 S HEAT S PR AR B i
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FT AR JE RAE AR BCEE PR 1 2o v X 3 DI H AT ALl i X (12)
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$A4 W5 AR 0, BRI Bi-Interaction 2R & 2% (1 57 21 #4843, T 2 &8
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Fig. 3 Aggregation flow chart of user u,
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~,icfEe, e .

e, =e ||+ |l e
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el =e || oo |l e

Hodr, || S R BERAE L  T 2 BA VLA B A9 M 3 e &
LRI RN AR B IR UG 1 S R AE L R sl G JE A L] DL
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Fig. 4 Max-M sampling strategy

3.5 MEKEE

T TR O AR B A A P SR T DL S S A HE
BPR ( Bayesian Personalized Ranking) ¥ B it % B %, W0
K COPIR:

ﬂm::Mu%%a;—lna(g(uyﬁ-—g(u,j)) 20
PR R T H PSS T G T U EE A5 R T LR 0 Y
AR BT, B A O 2 Bt D P A e ) T U 48 0 () 38 L I
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3.6 HERBNMERELSW
KGNPAN BE B AN 3AE 1 R,
ik 1 KGNPAN & ¥
A P-Y s B Y, FRE R
i B PR AR v, =F (u,v]0.Y,G)
1. ¥R AL BT A S8
2. for epoch <= 0,1, ,total_epoch_number do

3. for each tripleCh,r,t) in G do

4. eV < Update in Equation 5 by Adam.
. (hsr,t)

5. < Compute in Equation 9.
mth—cCh,r,t)

6. for(u,i) in Y do
7. for I=1,--,L do
8. e,

v, . €y, < According to Equation 12.

9. efll) ,ef“«According to Equation 17.
10. e, .e” < Compute according to Equation 18.

11.  Caleulate predicted probability ¥ (u,D=¢. T ¢/

12.  Compute the target loss in Equation 21 and

13.  update parameters by Adam.

14. return F.

AR SR 388 U 5 1 O O KGNPAN ##S 3F 47 91 45
KGNPAN f e ) 52 2% B 5 B2y 3 3 43 4 . 1) 40 P IBT 3 ik
Ao BER 43 2R H RotatE #5888 F 17 ik A, Hof (0] & 44 B K
OUGId®) o 2)SBIRAE R . h =X C9) AT H1, 4b #5843 19 1) 7]
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FRA B B R R AT T R R A RN d s R T

L
0 )22 I 1) 52 2% R ()([;\G\dl)o ESRLANDSYE BITRCIE/ S

L
OCGld*+ 2 M [Gldid - +1GldD .
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4.1 HI\EHR

A Amazon-book Fll Last-FM 5 4~ /4y e 5E v B 4
X KGNPANN #57Y f) vl fif B2k e A sovk 3EAT 2 Pl &
MIARAAL & F P -350 B 2Z (81 1) 77 58 38 B45 B 38 7T LAA) A H o
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B L B AR B 5 S LA BORMIE - A AR AL
FEAKE I 1 Bra,
R1OBEREPIE 5B

Table 1 User-Item information description of datasets
B & il T E RE LN * %
Amazon-book 70679 24915 847733 88572 39
Last-FM 23566 48123 3034796 58 266 9

Last-FM $0H8 48 & — AN 78 3 AR M 4 vh 132 0 09 2k o
B , HWET Last.  m fFLRF R &S | 2015451 A
F 2015 4F 6 A WA 2y 23566 A FH R MCUT i s L S 15 R

Amazon-book £ Amazon-review ¥ 5 £ )+ &, 2 i
R g B BRI A T R AR T 192403
F1.63001 AFEELI K 1689188 IRAZHAZ L.,

Hy T8 A R K B O T O DR AR AR 1 B i L 7
— 3 5 R S8 55 SR 10-core 33 3E Ty i S A AL B L RD
U R A A TR D T L0 (P AT H LA %
WAL 70769 S .24 915 AT H DL K 847733 (R H.
(EI=S

X1 BT BOHE 4 BB DL 3 RS HOHE 4R b 80 26 I FE P -
B 22 58 1R R I 2k 4, 1050 B9 B85 8 R I3k 42, ) 4 19
10 %638 BAHR AN N B0 IR 48 . 256 vh I8 B IE SE I LS 38 HLAE
BTS2 P 5 R e T i G R S R
4.2 MikIELR

TEX AR SCRE AL AT Top-K #7752 30 B, 5k ] NDCG@ K
H Recall@K (A SCBINR E K =20) P F 48 45 1 3T #2451
45 AR

BI X JEAREAS I 7 5 43 Il 3R 04 IR 7 SE PR Ry IE A R AR
BETUI g IERE A HE R, ZEMERE RGN TP u iR
AG BN ZRAE LARYE 38 HAT 4 e S 2R, T (w
o A TEMNRAE b B S BAT G2, WZ P Y Re-
cal| T ANF .

S IA@NTG |

Recull@K:W

7 [0 2 0 B A, AR 2% HE 7 B8k A v P RS R I H Y
MR TR ROR M

NDCG 1 Jy #5745 2R 149 37 4 36 4, BB 48 PF 0 #E 77 A9 HF 7
FIFR 5 M B8 LA R Z Y 2200 29T 40 BT 25 DCG
I LB AR A 0 BT 25 iDCG O fE . (M0 F 1, s 2R
M, HERT
DCG@K
IDCG @WK
H, IDCG HHEFIR T Bk DCG 1B, RIS % .

AR SO AT 5 T 3 CTR W SZ 8 B, Rl T ACC Al
AUC S B3 gm0 4 . ACC 1 3R T 00 1E B 4 B A B e
AR A FO L), B FE S T A Y HE RS 2 b P D 4
B35 BT G R A

2 ANT |
u€U
ACC=——"—""

(22)

NDCG@K = (23)

(24)
> A |
ueU

AUC J& ROC #h £ 58 A Fr CEI B BH 1 2 fr e Ay 1 A

FH R A8 o 9 PR A M RE A IR . AUC R, 26 W 27 A R
[y o
4.3 BEEFESIWIEE

1 KGNPAN Ry X He 52 % A, 4l 1 0 a0 i o 5 ik

CKEP A Y F] 33 38 5 254015 B, SCA KR | R Bl 45
ARG A AR IR A AE JE h JE A T A AN A B AR B Ll a7
TransR i FH T8 S itk A DF 1 8 30 40 [ 50 1 , 32 THHERE R GE Y
i,

BPRMF™Y A g i 55 1) 50 B 4 fi% 4 % 55 7% . BPRMF i
S AN Wi B A AS [R) R P -350 B X6 22 (8] f) a8 X i - 2 >0 A5 780, F i
PEAL BT W) i 22 I8 (3 A % HE 44 7 Ok Sl A B P AR U AR
LIE=

RippleNet™"7 . 8 — YO 3E F i A R IE T % 42 (4 J7 ok it
TRlE IR A #HEHB R, RippleNet #8 Ripple 28 b h P
8 4% 1 3k B2 L R R R RS R i SC R R A& T LA B3R
U7 i 0 R L A R E R, DA 8 & b AT R i G O R
iE i R

KGATU , —Ffole 26 1 P 338 70 1] e 28 90 245 A 465 4 A9 i 51
A HERARE I . KGAT 38 52 1 2 1 ML % 0 33 P 33 v 52
Z 18] B R ARLPE SEA T 1B, S X Il e o 3 3 A L AT AR

KGCN2T 7] F P 24 AU 28 9 6 CGCND X 138 33 v i1
RN 56 FR AT R 2 20 ) AR 4 22 0R 1k AT S 1A R 122 0 T
AT %5 . 38 Adam P8 16255 2 Bk A7 R4k

CAKNE | FH 5 J5 4% 6 o m %ot S R G BE R M 15 5
Tl 5 L 1 9 o 0 9 45 A % P 0 R R 1 2 L i ofe 2 i A )
A8 1T Y BT

i TAEB KGNPAN # % 1) 45 34 M . A< 3CFE Linux ubun-
tu &4t . Python3. 8 \PyTorchl. 7 #R355 T XF A% SCA 5 0 4k v 55
PIEATXT S8 . KGNPAN A5 Y K H b 5 o 455 A0 1 2 5] %
BB A 500, 5k Fl Early-Stopping 1 {5 1k 56 W, BD 4n 2R
Recall 7 10 4~ epoch P4 JG B 8 725 4k W 42 §if 25 BRI 2k . KGN-
PAN H{AM S0 B INE 2 FT3), S A bl 2 580l
5 KGNPAN {5 — 5, Hflt KGNPAN A4 il 2 5 )5
AL SC—3,

% 2 KGNPAN AR S HOL B

Table 2 Hyperparameter setting of KGNPAN model
RN & S
3] 8 H 500
AP BB HN 3 128
A # Adam
F 3R 1x10°°
4 E AN 2048
L2 I U 5 & % 1X10°1
18 2 3 3
Dropout 0.1

4.4 FKWHER
4.4.1 BREF R EALE

TE Amazon-book Fll Last-FM P 4~ 2y 3 3 v 08 45 1 X
ASCHE T 9 KGNPAN A58 4 55 5y 58 o 75 ¥ 5 47 % b 52 56
BRI 3 T3,
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# 3 KGNPAN H5EETTIETE Recall 5 NDCG L1 4K
Table 3 Recall and NDCG comparison of KGNPAN and benchmark

methods

Model Amazon-book Last-FM
Recall NDCG Recall NDCG
CKE 0.1390 0.0733 0.0865 0.0734
BPRMF 0.1255 0.0676 0.0781 0.0728
RippleNet 0.1415 0.0751 0.0887 0.0749
KGAT 0.1451 0.0793 0.0941 0.0787
KGCN 0.1443 0.0764 0.0893 0.0752
CKAN 0.1458 0.0802 0.0946 0.0785
KGNPAN 0.1477 0.0813 0.0958 0.0794

AT RLA B KGNPAN A L 252 fie 4 19 2 46 125 1 AE AR
HIr#ET ., H A Recall £ Amazon-book F1 Last-FM I 43 %l
BT 1. 30% M 1. 37% . NDCG 4r #l#2 F T 1. 26% Al 1.
14% . XFE/HUE T R Al RotatE 55 84 58 % T i i 5% Hb 42 4R
HAREE P 2 RGP 2 m IR =R 55
U A 77 AL R X 48 R T R AT 2 B X 4y, 2 S Ak b 3R
BAL TR B Il 1 e K M 1R R SR A A DI 5 72 T
DL B BT i ROR

5T M4y fift FM R A8 BPRMEF 1 68 AH HE LAt A5
B R SXE 52 T ) 0 PR RSV S B B T B L A% 4t
PO 7 S L R S T AT b T AR AR U(F .. CKE J2 it A 4k
TR0 R i 1 45 A v 5% I I M RE B9, 3X 5 TransE AL ALK fiE
A RO S AR SR E R AR B A K. RippleNet 27
TR S AR A 22 Bk OC IR S 1A .  KGON A KGAT 2R A
TR GE B AR A, =% %L T CKE #1 BPRMF
R, 33 50 3 B Uk 1 7R R AL 3 45 R LA AR 42 R A B
AR, CKAN AUHE IEF] T KG 1y JHOCHER 8 m A
TUMERE S HATE A am K T EMEE N ARG,
.42 FARRESFEHAR

BT R T A AR 5w, FE AT 4 318 GCN,
GraphSage, Bi-Interaction iX 3 Ff B & & #E 17 L 86, 45 R W
F 4 FiA, STURZEH % . Bi-Interaction 5 A #% M1 4 T HiAh
PN REHIORTELF X £ 2 55 T Bi-Interaction R & 24 1E
RedBPEImER A SRR AL B AR S
FI B A5 B e B R Bl B R AR AR 2, 0 TT 254 i 1 P R 22 1]
A28 BARAE 3k 8] T 0 4 AR s GCN 5 GraphSage #if 52 %
B SMER WA A B EERTEILERS WML Ba
WORAHEL T Bi-Interaction F§ 22, 3X 0 B UE T 49 45 A B {5 B 76
et S UR RN DN: R o

F4 REWILIIER

Table 4 Results of aggregators comparison experiment

Amazon-book Last-FM
Aggregator
Recall NDCG Recall NDCG
GCN 0.1428 0.0788 0.0914 0.0790
GraphSage 0.1440 0.0786 0.0911 0.0786
Bi-Interaction 0.1477 0.0813 0.0958 0.0794
4.4.3 BEREN 0

KGNPAN i i #E & 24 40 bl B A0 AL 3% 2 42 90 1 5 0 =
B4R JE s 8 Al E BB B s T HEREERE. L3NS R
A AMERGEERE IR P A L T RERES

HFEFZE5H LW RZTLRAN LG LPREG  FZRA
BT T H S5 T BER B R B FRATT 20 ) K R R B
N 1~d4 AT SR A R USR5 A

RS MALRRZEL B

Table 5 Effect of the number of embedding propagation layer L
Amazon-book Last-FM
Layer

Recall NDCG Recall NDCG
KGNPAN-1 0.1371 0.0745 0.0908 0.0737
KGNPAN-2 0.1453 0.0802 0.094 2 0.0781
KGNPAN-3 0.1477 0.0813 0.0958 0.0794
KGNPAN-4 0.1484 0.0818 0.0963 0.0801

NFEH Al LIE L KGNPAN XF LAY B8 o SR, 76 L
3 AR AR BB R AR LR ] 4 L FUREUE T
BN Y BICE S 3k 38 W 2 S A 22 T A =B DG R R 2 LA 3R P
EME 5 X f KGAT B o8 45 5 — 2,
1.4.4 BEKI oM

J T AR S MR M R FE R W T M) R /N A% A
PERE (19 52 0, A SOB KGNPAN BB (1 2% ) 3% 8 R (1 X
107',1X1072,1X107°,1X10"*,1X107°} .M ¥ &K {5,10,
15,20,25}, [A 4% TOP-K #EF#4E 55 K & ¥ {20,40,60,
80,100} FEAT X LS5, S B 45 RNk 6 BT 51,

# 6 S HOT I A R

Table 6 Results of hyper-parameters comparison experiment
5 M Recall NDCG
5 0.1396 0.0749
10 0.1429 0.0774
M 15 0.1462 0. 0800
20 0.1477 0.0813
25 0.1458 0.0796
1X10! 0.0657 0.0384
1X102 0.0923 0.0523
F R 1X1073 0.1477 0.0813
1X104 0.0954 0.0536
1X10°° 0.0641 0.0349
20 0.1477 0.0813
40 0.2094 0.0978
K 60 0.2537 0.1079
80 0.2903 0.1166
100 0.3254 0.1229

SRR AR W] M M RN R DU R £ 0 48 W SE
BELAE R A W 15 B AL 34, 58 47 b 20 1 vp 0 5 A S5 A
FoR. RMY MEESKE, ST ATEZMHESFR, F%
AT 2 o] B AN RRAE R, B D 25 i B LA B4
PR g T vk 3 0 U A4 M R KT

T B 2 /N ) 2 37 38 25 7 1 PR AR A A I 25 R i i 8
R T B 2 (1 2k AR B0k 3K S AR A L 30T SR R e )
BAS . T A T R KT RE 4 T O AR I SR s
s T MBI B it 583 AR I g R h R S R E L 5
READRG B . B3 6 TN, B 2 2 ) 0 38 O A5 A 1Y 1 e 45 2
BERI AT - EREE. R T R AR AR, B
KB 252 B 5, B3P RE T B

Top-K #fE 75 b M5 6 300y 36 59T 43 fi i3 19 K AN 30k
] P AR A M AL HE 32 TP 8 AR NGCG@K FI Recall@ K
R s R 5 & 6 frs .,
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Fig.5 Comparison of Recall between KGNPAN and benchmark
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Fig. 6 Comparison of NDCG between KGNPAN and benchmark

models
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KB T 6 20 1 e #A41) B dR AH O 10 T, 0 R 25 R TR B A
Pk
4.4.5 AR ow o5

R T BT AR R i A R AR 38R T R T AL s X A
SEm, LR IX 4348 JE RS BB A VR AR SO L 3
AR AT T S 06 L LA ISR 50 I A IR B AT R

DKGNPAN-I; A~ 3% il RotatE #5170 %} 5 A 118 & 3% # 47
XY IS BB A .

2) KGNPAN-II: 45 7 65008 0 4 28 1 ML AL 3 3R A 15
Bk R B AR SR IR SRR AR BT R A
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Table 7 Results of ablation experiment

Amazon-book Last-FM
Module
Recall NDCG Recall NDCG
KGNPAN-I 0.1355 0.0734 0.0902 0.0753
KGNPAN-II 0.1351 0.0728 0.0894 0.0745
KGNPAN-III 0.1372 0.0744 0.0912 0.0763
KGNPAN 0.1477 0.0813 0.0958 0.0794

4.4.6 A RBIHFRBEHAY T ERSN

T BIE KGNPAN TE¥2 Ji 2 FIECHE 76 537 52 F 19 A 30
T 48 3CXF Amazon-book $# £ AT i Uk Ab 2, BY I 2k 4R op
AR IUE 22 EAKUD T 5 09 1 P B0s 45 2098 )5 3 80 4R
Amazon-book-Cold, 7£ Cold Z#i 4 I #E4T 5250, 45 R 4N 3k 8
7

%8 Amazon-book-Cold % #i% 4 52 46 25 S

Table 8 Experiment results on Amazon-book-Cold dataset

Model Amazonfbookr Last-FM
Recall NDCG Recall NDCG
CKE 0.1044 0.0604 0.0715 0.0622
BPRMF 0.1013 0.0521 0.0629 0.0577
RippleNet 0.1167 0.0634 0.0755 0.0634
KGAT 0.1198 0.0699 0.0806 0.0689
KGCN 0.1180 0.0691 0.0796 0.0685
CKAN 0.1211 0.0703 0.0811 0.0694
KGNPAN 0.12406 0.0727 0.0843 0.0712

SR AR R W], KGNPAN TE¥% )R 2 37 357 T 09 4 35 30CR
£ Recall 1 NDCG 8 £ b #8415 T H A FE i 53 156 L i 58 73 & W]
B P28 BARAR A I E LT W KGNPAN KR AT L3 i3 Ro-
tatE SEXF A B 22 AR E AT 7 L5, T AR AR 40 U
BB X H AR s BEAT 48 S £ B R A 3 BIE R B
SRR L TR B I S T R T i A 3 B R R Y A
R .

Bt W g AR S B S 8 B A 5 — O R, 48
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Fig. 7 Comparison of NDCG between KGNPAN and benchmark

models in sparse scenes
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