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Abstract

With the rapid development of e-commerce, the recommendation system has become the core
bridge connecting user needs and platform resources. The traditional recommendation model gen-
erally has problems such as insufficient semantic association mining and easy attenuation of feature
transmission, which is difficult to meet the needs of users for accurate and personalized recommen-
dation. In this regard, this paper proposes an e-commerce recommendation model (E-KGARConv)
based on knowledge graph attention and residual enhanced graph convolution. The model allevi-
ates the gradient disappearance problem in deep graph convolution through attention mechanism
and residual connection and fully exploits the core association in the knowledge graph that is more
indicative of user preferences. Experiments on the ML-100 K dataset show that the accuracy
(0.7043), precision (0.7135), and recall (0.7828) of E-KGARConv are better than mainstream mod-
els such as CKE, KGCN, and KGAT. Compared with KGAT, which has better recommendation perfor-
mance, it has increased by 0.4%, 0.43%, and 0.89%, respectively. The ablation experiment further
verifies the effectiveness of the residual connection and attention mechanism. The research results
show that the E-KGARConv model proposed in this paper can fully tap the potential association be-
tween users and commodities, effectively improve the recommendation performance, and provide
a high-quality recommendation service that is more in line with user needs for e-commerce scenar-
ios. It also provides a reference for the module design of subsequent knowledge graph recommen-
dation algorithms.
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Figure 1. E-KGARConv overall framework
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TR JE A ST AL O s, F AR E T AR AE R, THEF T S IE S B, IR
RS HHERE SRR, SERRMRFIETH S BIHERE SRS PI3A . T 28422 5 Sigmoid I bR CKE Bl & Ak
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ASCHEH ) E-KGARConv HEFARAY, 1@ 2 Bk EER G AAE S, I XTI i 2k SC b v
SCRHIE, FAEBTTHEMA ZSEH P ReE . L HATASFE X EZBHEE S, S DR T =X
SEUUREHEI N AL HE R o A AL B A5 W N 505 SR MRRE ), FETR T AEmA 1 00 (R BF BG 5 1 ] R
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3. Schw
3.1. SKERE

A Ad B0 4 R AT R ST 4 B i) MovieLens-100K (ML-100K) 34, B&EERH -
M A HALS . Fah - m B RS EE R, REIEHEES AR R R — . S R 1 Tk
H, mAEEW K& 65,610 MR IY 97,466 K H 7 - BT idsR . SKERF 4540 T 12th Gen Intel(R)
Core(TM) i5-12600KF 3.70 GHz 4t ¥ 2% 5 NVIDIA GeForce RTX 4060TI {1, ##4F £4: N Windows. A
fif E-KGARConv BIETEHEIFAT 55 ik B vERE, BATE SRS S 2R RIIE TS ORI, &
KRz OSEINE 1 TR,

Table 1. E-KGARConv model hyperparameter setting
# 1. E-KGARConv #EHBSHIZE

HZH {1
RFAE RN 2 128
L JE R 10
1RV O NAN 1024

S p2p:s 0.01
WZREEIX 100
Dropout L% 0.5
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B A SR H 1) E-KGARConv 7Y (1)1 REAL 3, e HUIE T I #2800 2% 1) e i L 4 95 5% KGCN
[10]+ RhE BER B HER 59% KGAT [11]5 W R ERNR RN (OHEE 5592 CKE [121M800F LESESe, Ty
SEI6 U 2R e S IR AR A IR BRI 9:1 R4y, DARRSZIG I A Sl k.

3.2. VH4EER

A 3K F HE 8 2R (Accuracy) « A% fi R (Precision) 5 7 [A] 3 (Recall) = AN ¥F M 48 b K 4 1 ¥ {4 E-
KGARConv B FHEFEIERE, A 18hn I ENNREE Bt 5

T 28 2 A7 B A R A TR TE R MR R RN AR A, T U RS R AE R A b () 00w S, A Y
FEAL0, 1], fEER R SR BHAS R (4 A TRt 1k sk s, AR D (20) B«

TP+TN

P+N
Horr, TP ARAROER TN N IE R RS TN AERIER TN 7 R AR P oy SERr IER IR AR &
e N LRSI S

HHEZ R VA AR T 0 I E S RS HERR B2, UE N[0, 1], R OK 3 AR FR) 445 21 SN v P
iy, HirEAL M) R:

Accuracy =

(20)

P
TP+ FP

Horp, FPARGRSLBR F S B M BRSO My 1F 2R R AR S
B B Z R VAR A 6 F P VTR i A2 R 6 70, BUELYE N[0, 1], R R AR AL P f i (1 78
R, HitE AR

Precision =

@n

Recall = — & (22)
TP+ FN

o, FN AR SZER A IE 2R (H & SR R T A 1 SRR HL
33. IWEREDH

A HH E-KGARConv #Al 5 CKE %, KGCN #i%, KGAT #AI4H%T ML-100K 511
Accuracy. Precision F1 Recall 5 Fr&h 404 2 Fios:

Table 2. Accuracy, Precision and Recall results for each model
% 2. BHEARIPY Accuracy, Precision 5 Recall 53R

et Accuracy Precision Recall
CKE 0.5882 0.6307 0.6301
KGCN 0.6412 0.6532 0.7565
KGAT 0.7012 0.7104 0.7758
E-KGARConv 0.7043 0.7135 0.7828

M 1 HRTLUE S|, AR E-KGARConv /£ — 4845 E ik E] 7 0.7043. 0.7135. 0.7828.
FHELT CKE SEIL TR B3 T, UE B FRATT A BLd i 32574 5 77 51 5 00 2 Bk B 5 R R 0% B IR 52 (1) e 442
WG P - W A8 UG 5 KGCN AL, Accuracy #2717 8.9%, Precision #£FF 1 9.23%, Recall
FRTE T 3.48%, UEBAFRATIIARE AL 1Y 5 A v S UM B 0 AL, RS SRAEOCEE B R, T
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EXEE SF

RFHIE; 52400 IR KGAT AHEE, Accuracy #2711 0.4%, Precision 271 1 0.43%, Recall 127t 1 0.89%,
ERIRRA T AGE N “Fh 22 + ZBERG Y , BEOREE TIRJZTE SURFE R e 80, SO v = ) i ide ik
P 15 Bt #k.

XL IREL ], E-KGARConv BAYLETH SUORER RS AE#2 5 RHEAL 1B AR 1At IR IR, R
IS BRI T AR B O e a A P B B AR R RO G, OIS 2R A Sk AR T
TUEEAR IS R s B E . N =ZRIRAR ORI, A AL T IRATER B L 114G Sk

itk — I E E-KGARConv B %A% O AL A DTBREE, RS RS HROG Ve RESE TG BARAE it
T—RYVNHRSEL . S0, T RRUER T (Baseline) X DR R B I OCER AL, Sk 0 b3 s By = L
il RS L B SR, TE R SCI i B S 5 R 3 R

Table 3. Results of E-KGARConv ablation experiment
3 3. E-KGARConv jHRASCINEER

il Accuracy Precision Recall
Baseline 0.6412 0.6532 0.7565
Baseline + attention 0.6388 0.6517 0.7532
Baseline + residual 0.7040 0.7128 0.7759
E-KGARConv 0.7043 0.7135 0.7828

MEEFR K, Baseline # ] Accuracy A 0.6432. Precision A 0.6532 Al Recall 4 0.7565, PERED
T E-KGARConv B8, IGUEFRA TGRS T HEFEPERE ORI INE & 7ML (Baseline + At-
tention) /&, & WFEFRES AR T IEAERY, 1X — JF A 2 B B/D 1 s AR E AR sl T (i 22 1 30, T
JIIE RS A 5 U IE R E R ARG B, RIER IV AN AR, S A
FEARIANE . AR ZE SRS, PERESCILESBER T, Accuracy $2F+ 9.8%, Precision &7+ 9.1%, Recall
F2TF 2.6%, FROTINIE | IR SR SRR E BGRB8, R 5 o) Z BB SORER, S THRHIES
1 2%% . E-KGARConv AU G 1 Z NI AR ZEE:, AL ebn Bk Bk, RIS AL 2
GHEIF HARE, RNEREREHEE S R RS gt 2%

4. &

AT TR I ER B AT 5548 Y E-KGARConv #58Y, FF7E ML-100K ##E 4 il i o b szis 59
FRSZIGIOUE e . SEIGE A AR IEHERG R . R ER . AT CKE. KGCN. KGAT 457,
Hrpk CKE 2EHTE, HET KGCON 43 33T 8.9%. 9.32. 3.48%, M T KGAT 77l$#ETt 0.4%.
0.43%- 0.89%, 7o/ PREUEERLIETE ORI FIRFAERI F e 3h o T A se a6k — 0 E B E = I pLH 5
B 22 IR 5] N RS ST e SR AIE A 12 5 DB SO , A R ST A R PR R, HE €8 58 IRAE AT 55 -
E-KGARConv #5308 A0 AR EIEE G SRHEAE IS8, AR T RBR R A, $Em 1T
MR, R R HEE BT R 4 T T S RS T W (HRF IR R PR, AT A R k4
PRISTERRIVERE,  AREEXT P A AT 20 E 5L, TR BB E A R R R S N s, B
TR I B AT AR B AU AR E S 2 T, RIRATRAE R 8 SUR 5 R R0 . AR
SPPEARA, TR PRI R A3 2 SE R, IR ERAG G ST B R R 2 BT
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