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versity , Huludao 125105, China)

Abstract: To address the problem that the knowledge graph can effectively reduce the triadic relationships of entities from multi-source het-
erogeneous data, but is not conducive to recommendation tasks and it is difficult to explore the potential association relationships of data using
single—task learning, a multi—task recommendation model with fused preference propagation (MAPKR) is proposed. Firstly, the user’s prefer-
ence feature set is extracted from the knowledge graph using ripple propagation; secondly, the potential features are shared based on the simi-
lar nearest neighbor structure, and the higher—order feature representations of items and entities are extracted by cross—compression units ; fi-
nally, the recommendation module and the knowledge graph embedding module are trained alternately with multi—task learning, and the ex-
tracted feature vectors are predicted and recommended after normalized inner product operation. Experiments are conducted on three publicly
available datasets and compared with five baseline models. Compared with MKR and Ripple Net, the AUC and ACC are improved by 0.68%,
0.31% and 0.77%, 0.54% on MovieLens—1M dataset; 3.48%, 2.66% and 4.51%, 7.21% on Book—Crossing, respectively; on Last.FM ,
AUC and ACC improved by 3.44%, 6.25% and 2.70%, 2.62%, respectively. The experimental results show that the proposed model has good
recommendtion performance compared with other baseline models such as MKR and RippleNet.
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Table 1 Experimental environment setup

®1 ZRIMZIRE

BRg BRI E
AbFEES Intel® Core™ i5-6300HQ CPU@ 2.30GHz
RS Nvidia GeForce GTX 960M (4 GB)
PERS Windows10 64 137
WAF 8 GB
RS Python 3.7
BTEESTS T Pycharm 2021
REE 2 S HESR Tensorflow—gpu 1.14.0
31 HIE&E

MovieLens—1M : MovieLens—1M J& HL S #4512 [ 1
) 3 28 B4l 4, FH MovieLens 3 I /4 K 249 100 J7 4~ B 1
Vo (GEFE A 131 5) 4 .

Book—Crossing : Book—Crossing B L% Book—Cross-
ing A X Fp P AR Y 100 25 4% B R E4r 0 s (T L
0%]10),

Last.FM : Last. FM B35 S5 40 5 Last. FM R4 & AR R 40D
14992 834 > WA 1) & SR P43 Fl—2H 2 000 44 I

A SO AR SR VEAT T BUALFE . 7E MovieLens 1M (4%
b K P X S R T A5 T 4 BN E O TE 17 52 5ol
YE1, Fm M P R, 212 4E 0. H i F Book—Cross-
ing  Last. FM Wi 42 L e/ ot , R itk R P % 574
W H WP A BACAE 1, R ZAE/E 0. BbAk, 76 2R
TEI, 81 1] Microsoft Satori A B MU SR HEATH HE . 15 %,
AEAHH B P 5 — A B AE B KT 0.9/ = o4+
4 . X} F MovieLens—1M Fll Book—Crossing, M\ T 0 R
AN ERE T — A = n TR IR A I
film B book , A 1 — 25t /D HIR E 1S 1 K /N X F Bk =
DRI 4 AR ENE SR OCER R 5 = ool
(head, film. film. name, tail) (head, book. book. title, tail) B{
(head, type.object.name, tail ) F& # AH DT IC 19 J5 32 W 48 BT A7
HR S BENERFNID, PSS =JoHmE M
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Table 2 Dataset statistics
x2 HIEESITER

Dataset users items interactions entities  relations KG triples
MovieLens—
- 6036 2445 753772 6279 7 20195
Book—Cross-
) 17860 14967 139746 24039 10 19793
ing
Last.FM 1872 3846 42 346 9366 60 15518

32 BHRESTMAIER

A SO B AE L) 6:2: 2 4% Il 2 P4 4R R
A3y, MSHE ML 3 PR, Hb d £oxir A4
I LFRIRARIZE, H RR G R H n FoR R, « RoR HER
PR B, b, FR AT 55 1077 2 %2, w, /R KGEAT: 5%
M2 2 %, A 3RoR KGE AR , A, 3RoR IEMIAACEE | s R
W BUR RN, SO 1 BGE AL 5 EAE [ AUC
DIBASE o B ZR I 030 o T 048 | it 445 2R A )
MAEEER . 7RSSR (CTR) Bl e, ] AUC(Area Under
Curve ) FTAER] % (Accuracy , ACC) WA FUM P E 5 78 Top-K
e 77, AR SCBE RS B 2R (Precision@K) Fl 4 [7] 2R (Re-
call@K) XHHERE SR IEAT DA o

Table 3 Hyperparameter settings
x3 SHIRE

Dataset d L H n 1t My 1% Ay A, s
MovieLens—=IM 16 1 2 2 2 272 le? le’ 1e° 32
Book—Crossing 8 I 1 3 3 2% 27 le° 1e° 32

Last.FM 8 202 3 2 3t 4et 1e® le® 32

3.3 xfLbiEEy

KGCN'™ 3 3t 76 R P 33 1 36 A b 3R 5 40 38 A BT
25 3] GRS A AR AT B RNIE SUE B, T & B P I v 7 2%
. RippleNet ™ LU A I 25 i 75 ALK O £ 00 L i
IR EEEE AW R P 248, AT ) Bl 20 P A
4o MKR™': Wang %535 5 3 — o Jan i 354 o 4l B 1
B DA B s 4 07 288 BRI B0 T B AR R . KGNN-
LS. 7 KGN AYJERH 30 T ARSE -1 (LS) , LU
R M | B ka3 LibFMP . —F B F CTR & & L F
FEAE A R 43 g A1 6 F P AN H 1D LA MGE 3 TransR
BRLVE 2 > (A AH I S AR i A #2 R H B A . MAPKR:
A SR S Rl i B 1 405 1) 224 95 HE R A AL
34 LWERES
3.4.1 CTRFn

AR 3B AR A0 CTR U 45 5 52 3 B
FT DA Y AR SOt A AU A L HAth FE LR AR AL/ CTR T
L AUCHIACCHIH TR . 7F MovieLens—IM £ #5455
MKR Fl RippleNet #H [t , AUC H1 ACC 43 42 5 1 0.68% .
0.31% #10.77%.0.54% ., 5 KGCN .KGNN-LS . LibFM #{ Lt
16 AUCH5H8 Er 9 T 1.75% .0.80% .2.77% , 1 ACC 3§
br b T 1.05%.0.53%.3.33%. #F Book—Crossing Fll

Last. FM WS 8ctls 46w, i 3 TP — 00 52 580080 A
i, T 25 SR A0 XF T MovieLens— 1M J- 3% 8 45 51 B 4271,
ER AR X T B 2R R A AR A A RIOR o 32 PR A i 4
etk B A SR OR B B SUER 3G iz i s 55 ELA 5
FIAMERS . LIRSS RIEN] T RS S ORI A ALY, i
i 21 1 55 52 U A OT A S AR, AT RE A B 4 M 4%
i RO S AV TE AR AE
Table 3 The results of AUC and ACC in CTR prediction
#®3 CTIRFANHAUCTIACCHILR

Model MovieLens—1M Book—Crossing Last.FM
AUC ACC AUC ACC AUC ACC

MKR 09139 0.8426 0.7172 0.6672 0.7657  0.7029
RippleNet 09130 0.8403 0.6854 0.6402 0.7376  0.703 7
KGCN 09032 0.8352 0.6901 0.6544 0.7820 0.713 1
KGNN-LS 09127 0.8404 0.6899 0.6705 0.7953 0.7260
LibFM 08924 0.8124 0.6821 0.6731 0.7773 0.709 0
MAPKR 09207 0.8457 0.6720 0.7123 0.8001 0.7299

3.4.2 Top—K«‘fﬁfa’—

B X K B [ B A, #5578 3 B0 46 L Top—K 4k
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Fig. 4 The results of Precision@k and Recall@k on MovieLens—1M

in Top—K recommendation
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Top-K recommendation
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