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Abstract

In recent years, the combination of knowledge graphs and recommender systems has been proven
to be an effective method to improve recommendation accuracy and bring interpretability to
recommendations, and the connections between items in knowledge graphs provide rich informa-
tion for user-item interactions. However, the existing recommendation algorithms using know-
ledge graphs do not consider the correlation between entities. In response to this problem, we
propose an interpretability method for product recommendation based on knowledge graph with
attention mechanism. This method uses the attention mechanism to distinguish the importance of
neighbor nodes, and embeds the neighbor nodes of the entity into the entity through the impor-
tance to obtain a more effective user entity representation, which improves the accuracy of the
recommendation and brings interpretability to the recommended items. We apply the proposed
method to the Clothing and Cell_Phones datasets, and the experimental results show that the me-
thod proposed in this paper solves the problem of irrelevance between entities when exploring
user preferences through the attention mechanism to a certain extent.
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Figure 1. Overall framework of the method
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4.1. SCIR¥HESE

TEMAN 54 Clothing #1 Cell_Phones E7r#rFATHIE AL, PANEREEE K H T Amazon 5-core
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Table 1. Statistics of the data set
%= 1. BRSNS

ol ge H 4 T ot T HAL KEMAE SARFE
Clothing 39,387 12,101 278,677 5 4
Cell_phone 27,879 10,429 194,439 5 4

Amazon H I FAEL & AT FITFIRH AR, &1 b 1] @ A LA 1) BERT [15]BLK X}
PREHET ISR, M. BATRBOFR SR &H — L G 0 B0 B0A PR R S, bl E ekt
FA A APPSR REAT AR B o A Bt SR 23 S B O 2R N AR R AR R A N U 2R
B R T B E IR E . R P B s AR Z5, A5 B P A TR A E AR, 2R
W& 2 fios:

Table 2. Examples of comment data sets
= 2. TR HIBE LA

PEIR T, DB Py G2 I

[
d\

}H

This is a great tutu and at a really great price. It doesn’t look cheap at all.
0000031887  I’m so glad I looked on Amazon and found such an affordable tutu that positive 5.0
isn’t made poorly. A++

Good costume. Very detailed. | like that the body is a foam so it stands up
a little on its own. You might not be able to tell from the picture, but there
are shin-guard type pieces for the legs, and gauntlets on the sleeves. Nice
BO0O001WOKA touch. Itis a little thin overall. You’ll definitely want to put something positive 4.0
underneath if you’re in a colder climate. My only disappointment is that
the back of the torso is entirely black. It’s ok for us because I bought the
inflatable wings, but without the wings, | think it would look weird

These shoes run so big, and the size is very confusing. | emailed to find
B000072UMJ out if | could just exchange for a smaller size, but they won’t do that. negative 1.0
I have to send them back, and buy another pair. No thanks.

Do these shoes always run so big? | had to sell them to a friend who

B000072UMJ has a much bigger foot than I.

neutral 2.0

BATER BRI N 3 RIEIRES, 43 7)/2 Negative. Positive. Neutral., 1X 3 817 B 5 [ 175 18
SRS B (11 AR ME AN 3 BT

Table 3. Sentiment classification

7 3. RRFRD K

1 i 4 Bt
Negative 0 -1
Neutral 1 0
Positive 2 1
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42. XIWEHRE

ERATHIRAL G, Clothing F1 Cell_phone FIBEET H #0% R 2, RIERIGEER, FE2HBEILTFAS
e tERe, 1M H S SEEEMN T ES. SREIESHOLEER 4 hAH, Hi d oRsedmmaniR Bk
PHRANYERE, FoR¥2R, FoRFREIERARE, &2 12 ENLHRE. @S50S @ ERIEE itk
Precision K& 1 .

Table 4. Data set hyperparameter settings

® 4 BREEBSHIRE

g d H A A, n
Clothing 64 2 1077 0.05 0.005
Cell_phone 4 2 107 0.02 0.001

4.3. TEfiEdR

N T VAR B P HEREPE R, FRATTR AR 28 (Precision), A [F128 (Recall), H—44745% R 111 25 (NDCG)
A PR HRWE AP bR . XU RARS s, HERE TR ARG o 7R i IUHERE SR (Top-K), A%k
G B R D IR A B RS P AE UGB B i o, O N ABE =R 5 v (R T 10 MBI 7o e A O HERE S 2R

ST RAEHER FIR T P A2 LRI H o P 250 T H L], i 4[] 3 AR HERE 51 3% v F
AEERWTHE A P S B E fEE, RS A R R A SR .

Precision@ N = 2o R(U)AT (u)| (7)
ZUGU R(U)|
Recall@N = L RAT(u) (18)
ZUGU T (U)|
Hot R(u) o U AR e 2% T (u) 2 P FE RS T ag B H 413
NDCG &t i H 7851 3 rh A7 & R EM FE PR RE, B AU
1 & 2¢-g
NDCG@N = IDCG, Zl log, (i +1) 19)
Horprel REIH | XM E MR, IDCG & FARTE A T & KM DCG {H.
|REL| 2reli -1
IDCG@N = 21] log, (i +1) (20)

ot |REL| 7R 5 Rt Wb M/ BIR BT HES, SRR HLHT N NSRBI S . 7E top-K HEFE, HR
R AT E A RN, R AN
Number of Hits@ N

HR@N = o (21)
HAp g RIE MR ES, 0 FRAEDH P HERESR SR TR ES NS0 B A,

4.4, FFEEGE
AT AN LA R J7¥ELE Clothing AT Cell_Phones AN 88 & 3E4T 7 % b

DOI: 10.12677/csa.2022.126150 1513 MR 5 R


https://doi.org/10.12677/csa.2022.126150

Rt ~F, Feoak

BPR [16]: Bayesian Personalized Ranking (BPR)2&3& T P ke s ist, A P ity i o dEdE, 5+
H R B HEF ST . DA Ak HEFE (Bayesian personalized ranking, BPR)/& —# Pairwise 7772,
I HASEE T HERE A R L

RippleNet: A7 5T AELS, 3 — i SABLic 12 0 4 6 75 3078 iR B A% FH P (0 D - 4
o

DKN [17]: Deep Knowledge-aware Network (DKN)&3EF P 28 ITRFEHEFAHESS, T i R
DKN R 3 — > 2 0 AR — SRR 55 I AU B AR A 4 I 28 (KCNIN), - X RG89 ()15
SORTAEIRZ T RN . KCNN R BRI R SEARRL g 2 AN, HEEAUS AR i B U IR R e A 12 R )
XFRFR. WA, N TR P A FERDSGER P A, {EEIEAE DKN sttt 7 —ANE R s, DBz Hh
A MTEIENT GB T Sk

RuleRec [18]: RuleRec #&H T —Fufifi. A MBS IAHELS,  FHT AL & e I i % oh U g
RN, FEEET A9 A RNBEATHER o XHESE FH MBI R RO 25 ) B HE RS . B 27 >
B BE A% E HAG AN [F) 2B R it SCHRIR ATT EE R 5 G R R0, AR R 3K i ) 5| N B HE F7 455 Y
H DASRAS BE AT P RE

4.5. EWERI LS 54

T AR IERIA R, AR EIAT T A 1) IR R LR EE AT
XTEEs 2) W Z B S ESLES, r i A RIBREON SeIR 45 R sg e s 3) WE SR ES IR, T
X TR i H S8 B AN ()G ARE 2R 1 B ) 5

1) HEFEMERE

Sentiment-RippleNet-Att A& 245 8 7F i AR HEF 52 (Top-K) 1 RER I AN 55 5 B :

Table 5. The recommended performance of the baseline and our model in the top-10, bold is the best performance of the
baseline

Fe 5. BELMIBARREE top-10 AU 4HRE, MR HEMRE

EAETE Clothing Cell_phone
et Precision  Recall NDCG HR Precision  Recall NDCG HR
BRP 0.196 1.086 0.598 1.801 0.624 3.363 1.892 5.323
DKN 0.106 0.727 0.279 1.012 0.456 3.817 1.603 4.484
RuleRec 0.210 1.150 0.639 1.921 0.674 3.565 1.966 5.669
Ripple Net 0.339 1.428 0.868 3.321 0.695 2.962 1.675 6.631

Sentiment-RippleNet 0.383 1.621 0.976 3.686 0.789 3.491 1.970 7.495
Sentiment-RippleNet-Att ~ 0.403 1.733 1.000 3.866 0.805 3.508 2.022 7.548

$2TH(%) 5.222 6.909 2.458 5.779 2.028 -8.095 2.640 0.707

I AR HATHR IR . A 5 Ha] DOWLEE 2 SRATIOR AL AL Y Mt - 5¢ T top-10 [ 3a R KT
DHETHEL. b Sentiment-RippleNet 52 ¥ A REATE R ZIHLHEI IR, X R T AT MRAEE
TIBURI R SRR E— P AL R T B ARSI SR EINRS HERY top-K #ERE,  RERSA R fil iR 12
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Py P O B = G 20 Sk R SEARASHH SG IR 1), Sk B IE B T BRATTBE AL Rtk . (HAEE 5 AT LAG H
£ Cell_phone #4f54EH Recall $a b5 3 BA I SR HELR, 4007 i R o] BEAE T AN RIS Hhon) S iR B S 1)
Ab 28 77 A [F] 11T 2 Cell_phones Hidfs & Recall $8r% A 271, X EWRE F1R BlS X —HBIE B0 T4
RGP A5y HEL

2) BeEseL

AT E A FBREOHAT T 5250, SLgs RNk 6 fis.

Table 6. Accuracy results of hop number

6. BRBUERELER

Bk 1 2 3 4
Clothing 0.367 0.403 0.374 0.321
Cell_phone 0.766 0.805 0.729 0.658

M 6 FRATT AT DAW 5 B2 s 50 25 FAE BRSO 2 I 3RS i s O HER R, T EL R AR IO HE R 2 b
B S TH S 5, X R — R ER AR T AL B (3 U B D, T 22 R AR SR MR 2R K B 0 Sk
[ AH S PE AR, SRR P R iy R S 2 e s, DRI AR SO £ 2 BhER AR A FE A 2

3) WL R E L

HATSA ] A — BRI SR B, DLt — D0 AT SEIR I E . P Bl B L ER AR A5 R an ik
7 iR

Table 7. Accuracy results of the number of ripple sets

" ONEHEERRER

WO E 2 4 8 16 32 64 128
Clothing 0.301 0.328 0.337 0.369 0.388 0.403 0.374
Cell_phone 0.223 0.497 0.574 0.679 0.805 0.653 0.610

M T AT DL SR BCR TSI A R R, S BR SRR TR SR RN IR 5 R AR — 5
(1, AW SCERIE R, BRSEMAE e TG 1%, Clothing ¥l 475 64 iRl 2L F i &{H, Cell_phone
TUIFE 32 & B e RAH, X2 PR BE R IR SUAE W] A A% 58 22 5k 11 R R A AR, H 2 S8k K 2t
KW, I IS TS BEIRCR -

4.6. IR

ARV A OO P O 4, A P O AR R FIRE R, RS B — AN B ks
Z— FWITER RN, Wl 2 Fios.

B 2w, A BTG AE R o i Sk, e R RSk . AR SCRENLIE I — 067 FH P I = AN
B, FRENNRSE R AR 1 B R &, AR IE PR 1A% 7 o BOO3X6LPRK .. X T4
F P k-hop AHICSEAA,  FRATITH RIS A4 55 g 0 7o ot BRHE K oo 7 2 T) () S IR 2, ] 2 e 2R ) 4y
R, N T HEIGEMRIERATENE T RANIRR, EL 2 dr3RATILER 20555 55 i A A DG 7 s
ANFISERBEZEE R, ARk i o AR B b . A P e s R B, P MR A0 TR 120401325X
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