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Abstract

The Collaborative Knowledge-aware Attentive Network for Recommender Systems (CKAN) does
not optimize the embedded representation of entities directly associated with the project. Moreo-
ver, the importance of different communication levels and the correlation information between
items clicked by users are not considered, so the recommended entity is not accurate enough.
Therefore, This paper proposes a recommendation algorithm (Items are Directly Associated with
Entity Propagation - Collaborative Knowledge-aware Attentive) Network for Recommender Sys-
tems (IEP-CKAN for short) puts the embedded representation of entities directly related to the op-
timization project in IEP-CKAN, and incorporates the idea of Ripple Net model to give a greater or
smaller weight to the hierarchical information near the central node when making use of the in-
formation of the ripple set. Then through the disordered encoder mining the user clicks between
the items of the association information, the final calculation of the recommendation result. The
experimental results show that compared with CKAN, the proposed method increases the values
of AUC and F1 by 1.1% and 1.3 % in Last. FM dataset and 0.9% and 1.0% in Book-Crossing dataset,
which proves that the proposed method can further improve the performance of the recommend-
ed model.
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Figure 1. Architecture diagram of IEP-CKAN model
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L 3 2
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c 0.1 0.1
a, -1 1
h 8 8
m 1 1
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L ZREZIRE; A RRIENIIZE; batch RoRHLALEE KN n RORFEIH; oy ForE I T
¢ RRZUISE h FoRiER Ik E: m R LA

43. BERESH
He 3 AR A A R R BEAT T XFEE, JRAERR 3 thalth T B BRAEAN [ #ed 46 i) AUC F1 FL
fRbras R

Table 3. Results of model experiments

3. BEYEEHRBEIEER

Last. FM Book-Crossing
R
AUC F1 AUC F1
Ripple Net 0.776 0.702 0.721 0.647
KGCN 0.802 0.708 0.684 0.631
KGNN-LS 0.805 0.722 0.676 0.631
KGAT 0.829 0.742 0.731 0.654
CKAN 0.842 0.769 0.753 0.673
IEP-CKAN 0.853 0.782 0.762 0.683

M2 3 AT LLE H, IEP-CKAN A5 8 (1) S5 45 L 35 3k A T % Lb se3e 1), 7€ Last. FM DAL
Book-Crossing Wi MU 48 L MEREERA ITdeTh. 5 LIRBIRIAILL, IEP-CKAN BAHHEFE I H 11 EEE B
BT TAHZORAE, 0 H B8RRI N RN AT T 04k, 8 E GOk 54248 F P 4 5 e
RIS B 7 AAEHEAE RS B T — D 0 i o ASCATHR H RSB AR L CKAN A58, 7E Last. FM %45
#£ F AUC 5 F1 3 R THT 1.1% 5 1.3%, £ Book-Crossing ¥4 4 I AUC 5 F1 20 5l 7 7 0.9% 5 1.0%.

4.4. BEGTHR

1) EINAISE ¢ BUE 2514 0.025. 0.05. 0.1. 0.15. 0.2, 7E Last. FM LA Book-Crossing /™%
PEEE EXTRL) AUC BUA N 4 FizR o )2 024 ¢ BUE N 0.1 I8, BERUFE Last. FM 5 Book-Crossing
A AR SR A b o T DUV 2 MR S5 ¢ 174k %) Last. FM #0E 52 5 i AH X 80K, % Book-Crossing
ST/, X2 BT Last. FM (A6 3% 2402 3, Book-Crossing [FI & 37E 2402 2. dtknl 4,
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N 5F

JE B ITIEAE B AEARAR RO i e ERCR B aT

Table 4. Influence of hierarchical weighted parameters on recommendation quality
4. BIRMNSEXHHEE R ERNSNT

=N/ Qe = Last. FM Book-Crossing
0.025 0.849 0.760
0.05 0.852 0.761
0.1 0.853 0.762
0.15 0.851 0.760
0.2 0.848 0.759

2) EIRBRA T oy BUEN 1. —1, {E Last. FM DLz Book-Crossing /™45 4 FxJ B ) AUC HUE
W5 Fin. JZKIEIRA T o, 7F Last. FM $(5 4 5 Book-Crossing £ 45 LA E 2 521, 1. HBl
IXFE SR A AT BE A Last. FM BE SEM B RN, STAR BTG S50, DR mT DU 49800 i
SRR S SR IR N R 24 o 1T Book-Crossing Sl SE MG Bt K, 75 53 2 3 e A A L= F
SRS R, DR SR RN TR

Table 5. The influence of level increase and decrease factors on recommendation quality
2 5. BRIEREFIHEER SN0

BRI T Last. FM Book-Crossing
1 0.851 0.762
-1 0.853 0.759

3) LR A#RTE Last. FM UL X2 Book-Crossing P/ H 4 b5 N I AUC BUE U 6 fros. e 2K
IR BN 2R & 25 1E Book-Crossing £#fa 52 U T RUFIVEUR, {HAE Last. FM Hdli & AR R, X
A 82 FH T P P B B 70 B0 7 i 1 R B MR P T 1 22 S0 ) . A 2 OB B2 2R & 2R 1E Last.
FM %4552 55 Book-Crossing 4 £ 135046 45 SE 47 FURBCR , X AT RE2 RS F b & 2 OB 9 3R & 4%
ADEERA M ERREEZHELR.

Table 6. Effects of different aggregators on recommendation quality
6. TREIRGHRITIEFERENIF

REH Last. FM Book-Crossing
AYYim. 0.811 0.733
AGY goncat- 0.853 0.762
AYYm 0.824 0.721

AGY concar 0.847 0.754

AYY 001 0.827 0.735

4) Transformer JC/54mi% %544 m 7¢ Last. FM LA}z Book-Crossing #5148 5 _F %t 8 ) AUC B
7 Frar. Transformer J6 7 4t a5 A B/E oy Eea 55 EHUE DY 1 A R SCR, XATRee il T
BE LTSRN BTG RS, RGP BT EER LR, SRR TR,
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Table 7. Effect of number of unordered encoders on recommendation quality
7. TFHmIEESRN MR RSN

To i s 4 Last. FM Book-Crossing
1 0.853 0.762
2 0.841 0.756
3 0.835 0.753
4 0.843 0.752

4.5. jHRLSELS

NIRRT B B2 SRR SR AL R R R )2 OIS VE S HEFFAT 55 (0 280t AR ST 43 %o T L2 5 Tk
SEARAL R HL (ML)« Rl 2 N5 2 (M2) Rl EE T Transformer JG 7 2w 11 AR (M3)i2E AT 31 ik
LA, SIS 8 FR( “x” RoRAMNHH, V7 RIRMA).

MSZEE R LLE Y, BhE R IRALE TR Last. FM #5423 AUC 5 F1 25 7 0.4%. 0.5%, fE
Book-Crossing %45 6 AUC #2511 0.1%, 3R B2 OB EE J7 1L R 08 R 0 A& B % b AN 8] 2 IR ) 2 4
PR R R N T B S BE SR AL 3R (1 7 1 4E Last. FM dl4E F¥s AUC 5 F1 4% T 0.6%-0.6%,
£ Book-Crossing #iE4E ¥ AUC 5 F1 #2151 0.4%. 0.4%, FHIINATNH BB AL 7% 1 5 16
WARAL T H BN For, MITTHEHER ZCRE BT, 5T Transformer J6/5 4 i %% A N 5 1:4E Last. FM
Bl ¥ AUC 5 F1 427 7 0.3%. 0.4%, 7E Book-Crossing ##i4E ¥ AUC 5 F1 #2751 0.5%. 0.3%,
FAFHHEH R i R OGRS BRI A P RN R T v ff, AN IR A R . ISR
HEFE R AT DUE AP AR I S S, VERBIAF SRR E N, IG RO A A s e o6
PAE S, $R4E 7 EETAERR I HER 77 SO A K

Table 8. Results of ablation experiment
7 8. IHRASLIREER

Last. FM Book-Crossing
M1 M2 M3
AUC F1 AUC F1
x x x 0.842 0.769 0.753 0.673
v x x 0.848 0.775 0.757 0.677
x 4 x 0.846 0.774 0.754 0.673
x x v 0.845 0.773 0.758 0.676
4 v v 0.853 0.782 0.762 0.683
5. LR\

AR SCEERT CKAN B R GG 2R T H BRI SIAR(E B, R REIRVEAS [FE 18 2 IR B DLROR
RER L P e P 1) SRS B 1) B, $2 M T IEP-CKAN AR DL vk . 76 IEP-CKAN R b, R
SRR T AT B BRI RAN R o R IXRR 7 30, AR AL RE B 4 T Hb R A S R TR 1)
TESCREE, Wm0 H R R MAER . thAl, IEP-CKAN R RLEAR Y SR 5L 1 RR 1T, 45 T AL
RGBS, XA R R AL RS BT INBUGEE, SCHEE OB 2 2 HEM, 54 42
FEFE I R R [R JZ IR E B . ), {8 Transformer JC 7w 2848 41 0 1 s b W0 S IR SR RS ., 42
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N 5F

P A5, ML P AR o AR TR Sl B AIR SR R 2% 2 DLR A R Is BT
FH 2 AR T 25 56 Transformer JE 4 i i 15N 75 725 B2 B AR AR o

E&UH

WO E IR AR L 45 2 “RIHOET G e 1T R I H 7 (3192024125-02).
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