2021 £ 7 A
Jul. 2021

1% F£7H 2 B8 it E M5 M A

Vol.11 No.7 Intelligent Computer and Applications

XEHE; 2095-2163(2021)07-0166-06 hES %S . TP391

BT F I ERIE M LR

R B, skimdk
(I I KRZ S22, Hil 310018)

i E. ETENHER R RGP P PSR 2 E B B, A0 S 5 MU R P 1 248 A ORI 3
5 BRI HEEET R CHE, A TASIRBUTINE B, B T ACRec HERE RGMR A 23k H 3 ML AS: A 0 4 M
2 NS A FNER S AN 7 T B UF 1 (5 B, I FH A0 I 0 fge 3 s 4SS 0 o ) P 5 R B 918 LG 2R . 7F MovieLen— 1M Al Video
Games W RAFFEIEEE [ SCIGER A L T HA L2k A7) ACRec 32755 T HERF IUMER % Hit@ 10 4> 31325 1 1.03% 1 18.4% ,
NDCG@ 10 43 l#& & T 2.6%F120.9% .,

KW WERG; BBV BRMERLS; S

Personalized recommendation based on sequence feature extraction
CHEN Yun, ZHANG Ruilin

MR SRS A

(School of Informatics Science and Technology, Zhejiang Sci—Tech University, Hangzhou 310018, China)

[ Abstract] Sequential recommendation is a hot topic in the research of recommendation system. Sequences contain a lot of
important information, such as item click rules and user interests. Effective use of sequence information is the key to improve the
accuracy of recommendation. In order to effectively extract the sequence information, a model of recommendation system called
ACRec is proposed, which uses multi —head self — attention mechanism and Convolutional Neural Network to extract sequence
information from both dynamic and static aspects, and uses matrix factorization to enhance the semantic relationship between users
and sequences in the model. Experiments on the two public data sets of MovieLen—1M and Video_Games prove that compared with
other baseline models, ACRec improved the accuracy of recommendation, the Hit@ 10 increased by 1.03% and 18.4%, and the

NDCG@ 10 increased by 2.6% and 20.9%.
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Tab. 2 Model performance on public datasets

Kente PEMFRUE  NeuMF  Caser  SASRec  ACRec

MovieLens— 1M Hi@5 0.4752 0.6783 0.671 3 0.696 0

NDCG@5 0.3192 0.5094 0.5099 0.5251
Hit@ 10 0.663 7 0.8049 0.7958 0.8132

NDCG@10 0.381 7 0.5506 0.5507 0.5650
Video_Games Hit@5 0.3565 0.3554 0.3170 0.459 9
NDCG@5 0.2427 0.2425 0.2156 0.306 6
Hit@ 10 0.500 3 0.48902 0.4488 0.5924

NDCG@10 0.2891 0.2857 0.2580 0.349 5

TE Movielens — 1M %8 5 I, & SCH# 1 W
ACRec B BALT Caser Fil SASRec #2781 {500 M\ 5 25
AV S J7 T4 U SRR /9 A7 &b, T NeuMF
2 SR B 55 T HA 3 SR X A NeuMF A
ST A, DA R R R o et 1 L A
A NTERAE , I 7 9 25 R (I TR 25 8. (HAE
Video_Games £ % I NeuMF BiRI{L T Caser Fl
SASRec, X &K & Video_Games H1FH ' 2% @ﬁ*
FHP 248K Ly 810 6k P B 28 4% 52 e 55K, A L
Caser Fll SASRec , A 342 Y ACRec B AVTETHE I
FEPRWTRIA P AE B IR A T e BRUZ TR H]
FPHFNMLR, HIKAER 7ML R, B

NeuMF #H b A 1R RIETE
4 HRIF

AL FENR T HERTIFIIIMERG, B5ER
FHHEE B LRI 7 91 HEAT sh S 45 AR SRR, 451
(I A AR BOASCER 8K (P A R 2 X 4 o
G TR A FRAE B L, 422 35 8 4o 028 36 B 1 K/
PEHUR TR P A BE I RRAE . I L7 sp i 1 ofe
BUZHF s P S5F 500 LR, ARSCEERR
ONFEERAE AT T 6 B SE R, S0 45 SRR T A
SCHEH Y ACRec BERIRYA RN, TTiL 2 Hit@ N ik
J& NDCG@ N HREML T HoAh 3 /X LA, 751 %K

Y2 22 P AR P R A R R B T el A4k
X P AR BOT W BEATOEFE , I 51 R R 3
Yy it A5 BRI, 4 g HHEA7 O HERf 3¢

&% 3k

(1] BEIWe, BRI R, T AR, 55, FET 15 B i i > Ml v S 475
(7). HENEHE AR S LR ,2020,30(9) : 132-136.

[2] ZHOU G R, ZHU X Q, SONG C R, Ying Fan, et al. Deep
interest network for click — through rate prediction [ C ]//
Proceedings of the 24" ACM SIGKDD International Conference on
Knowledge Discovery & Data Mining. New York: ACM, 2018:
1059-1068.

[ 3] HIDASI B, KARATZOGLOU A, BALTRUNAS L, et al. Session—
based recommendations with recurrent neural networks[ J]. arXiv
Preprint arXiv:1511.06939, 2015.

[4] RENDLE S, FREUDENTHALER C, SCHMIDT - THIEME L.
Factorizing personalized markov chains for next—basket recommendation
[C]//Proceedings of the 19" International Conference on World
Wide Web. New York: ACM, 2010; 811-820.

[5] CHENG C, YANG H Q, LYU R M, et al. Where you like to go
next: Successive point — of — interest recommendation [ C |//
Proceedings of the Twenty—Third International Joint Conference on
Artificial Intelligence. California: AAAI Press, 2013, 2605-2611.

[6] HE R, MCAULEY J. Fusing similarity models with markov chains
for sparse sequential recommendation [ C ]//2016 IEEE 16™
International Conference on Data Mining ( ICDM ). Barcelona:
IEEE, 2016: 191-200.

[7] DONKERS T, LOEPP B, ZIEGLER J. Sequential user—based
recurrent neural network recommendations [ C]// Proceedings of
the Eleventh ACM Conference on Recommender Systems. New
York: ACM, 2017 152-160.

[8] LIJ, REN PJ, CHEN Z M, et al. Neural attentive session—based
recommendation [ C |// Proceedings of the 2017 ACM on
Conference on Information and Knowledge Management. New
York: ACM, 2017 1419-1428.

[9] LIU Q, YU F, WU S, et al. A convolutional click prediction
model [ C]// Proceedings of the 24™ ACM International on
Conference on Information and Knowledge Management. New
York: ACM, 2015 1743-1746.

[10]LIU B, TANG R M, CHEN Y Z, et al. Feature generation by
convolutional neural network for click — through rate prediction
[C]//The World Wide Web Conference ( WWW “19). New
York: ACM, 2019 1119-1129.

[11]7YUAN F J, KARATZOGLOU A, ARAPAKIS I, et al. A simple
convolutional generative network for next item recommendation
[ C]// Proceedings of the Twelfth ACM International Conference
on Web Search and Data Mining. New York: ACM, 2019 582-
590.

[12]ZHOU G, MOU N, Fan Y, et al. Deep interest evolution network
for click—through rate prediction[ C]// Proceedings of the AAAI
Conference on Artificial Intelligence. California: AAAI Press,
2019: 5941-5948.

[ 13]KANG W, MCAULEY ]J. Self—-attentive sequential recommendation
[C]// 2018 IEEE International Conference on Data Mining
(ICDM). Singapore:; IEEE, 2018, 197-206.

(FHEESS 176 )



