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Personalized attraction recommendation based on the knowledge
graph and users’ long-term and short-term preferences

JIA Zhonghao, BIN Chenzhong, GU Tianlong, Chang Liang, Zhu Guiming, Chen Wei
(Guangxi Key Laboratory of Trusted Software, Guilin University of Electronic Technology, Guilin 541004, China)

Abstract: The session-based recommendation algorithm has achieved good results in many fields. However, several
problems, such as not considering the relationship between all items, will reduce the recommendation accuracy consider-
ably. Therefore, a personalized attraction recommendation method based on the knowledge graph and users’ long-term
and short-term preferences (KG-ULSP) is proposed. The knowledge graph is derived using the network representation
learning method and the feature vector representation of the learning attractions. The attractions with similar structure
and attribute are close to each other in the low-dimensional space and express high-level semantic features. In addition,
the sequence information is modeled by the gated recurrent unit and the access sequence information is further extracted
by feature extraction. Moreover, given that the users’ preferences may change with time, the KG-ULSP model learns
both long-term and short-term preferences of the user and predicts and returns the list of recommendations that users
may be interested in. The validity of the proposed method is verified by experiments on real tourism data.

Keywords: knowledge graph; recommendation algorithm; network representation learning; gated recurrent

unit; personalized attractions recommendation; users’ long-term and short-term preference; feature learning

; 5 A S, iy B = I
Y #s B HH:2019-04-26. R4& H kR B H#1: 2019-09-06. [iﬁ‘ﬁc!n[i‘]j\azﬁ%ﬁ‘ﬂ:ﬁﬁ%@, }\&ﬁmoﬁ
HELTA: }%%Eﬁ?ﬁﬂb‘iﬁgg%wlmm, U1501252, 61572146); BT R H #5388 00, 78 i iF 403k, 1% 40 i HE 7 O ik
SRFL 2% 3 410 H (2016GXNSFDA380006, . o \ N

AC16380122,%AA1720J2024(); Pp g o ORI BN, EARIBAF ARV 2 A,

Tl fig 42T E (2018KY0203); |~ V4 53 £ # F5 A YA P 7 R K < e o e [12] ) EIY

LRI (2019YCXS042, 2019YCXS041). T Ve S S MR A B e BT A
BE1EE : %R . E-mail: binchenzhong@guet.edu.cn. fﬂﬁﬁiﬁ?ﬁ%Tﬁ—l‘ﬂ%ﬁ, %%ﬁiﬁ%*ﬁ—ﬁ%z%ﬁﬁ%


https://doi.org/10.11992/tis.201904064
mailto:binchenzhong@guet.edu.cn

553

B, S TR T MR P A 0 0 e 1 P R R © 991 »

FAE G i S AR T 0 R R 3 Y
1R G WAFAE — 2L n] 8, W& A 25 58 P v )7
B [l S5, DR Ay it 5 s ) A 0 2, P R o ]
RE R ARl o AR, AN/ OG5 3 T U X A
FH PR3 ) RS HR BT — 3 T A iE Y A
ARG, BOREE T H S F A, BN E %
JER— M P Ui I H 55 H Z [ LR, DLk
AU H 550 H 2 [\ 5 R, X LR
HAEARGRIRG M B 30D AW By
ANTRVH P 2 (6] AT GE A AH TR A %8R, AR I H 2
B 7E J& M A7 e — R AR . W SR A % E
R[], S A HERRRICR KRR

A Ak S SRR A S B R U IR i AN R
%5 WY TR B 2 —, Qnel AR S B P 4 D7 s 1 ) 5k
5 0 B U AN R A AT U B, PR
DAL R f, AR SCHE T — ol 3 T R R A
KA P b P A Al S S T 1, TRTFR KG-ULSP,
&1 Ry A S 4 Y B KG-ULSP S Ak i it 5
WeAEHE R . w5, B L SR RO o b i ik
Ui S s AR R N 2% 32 7 2 3] g B AT AR
FPEI 7775 Node2Vec™, 3 1 5 i $H i) B AL 3%
SR, FFH il 28 R 2% 1 5 B R Word2 Ve g 5t
L e B AR 4 2 (] 45 B A S 0 RRAE ) R
TR BRJE S S i A B TR BT (GRU)
IR 2 YN 2545 31 56 T 5 5 7 9 BT AE ) i R o X
FEAS 2 (4 35 051 1) o e BE A 3 1T S 8 1 TR 4%
gERE AR B, XA T P D5 s U 1) 5 s
M B . 2, 2 S ML A K 4
T A 0 Ml -, 4 M R P 1A K U e 2 A e
P 2, T A 5 A5 FE TR — RV ) AR R 5T A= A
FH PRl BB 0SS IR S 6 o 1% IR AE T TR
FA) A A T i s o O 4 R AT R R R SR, 25 R

F WA ST AR 19 75 15 B A X T vk A9 A7 28R 22
Uf o ASSCOTHRAN T « 1) A= SCR5 R L3 1 O i B
5B GBS GRS R G A RO i AL e
15 R GAFAE R R B P AN 5 S AL, 2) 28— UCORE
[IPEAEFR B TR L 2 > BT I P Tk T S5 HE 47
o 3) MR T AL 0 2 A ASE T P R S Al e A
FWRAF o 4) AR SCRE T —RloE AR R KG-ULSP,
PSR W0 45 272 > J5 1557 21 5 s i T A 1] B R
7, T GRU SR 7 P9 (), BE 5 08 1 5
555 5 ) PR ES A L B AR, S5 T P
FPoUAT A o

1 MX Tk

1.1 WERRFES]

W 4 4t A7 121 Y (network embedding) B 7E 2%
> I 4 v A AR A B T AE RO, e ) B R
fiE 22 7 ] DL AR 356 F [ B9 45 Fh AT 55 W RRAE, 451 4n
AR g R R, Perozzi
ZEUS 3 DeepWalk 3 1565 3 s R0 A BRG] - 4R K
Tt Wit BT A A A )~ DR 57k R 245 e A T BRI ik A
Z Bl 2585, ] Skip-gram'® 1 Hierarchical Soft-
max"" A5 R X Bt ML I AE 5 81 R AR SRS B TN Y
TSN R AT A AR AR, e KA B AL AE I 8 4 AL
AL . {H DeepWalk 7E Ui 2E & ## i BEHU T — 4
B 7 22 Y AR A B, B 25 T 1]
fIFLE . Node2Vec™ it —#: 4" 8 T DeepWalk 5
W, BT — A B ML E , W S5 p
il g, 7656 AL Je i & (BFS) FIAEIE L S8 & (DFS)
KB —FFAlF . BFS B85 AL SRR SR 5T B Hh 1y 45
FPE T, 1 DFS W R4 4R 58 1 N2 [ By AL o
J T R AP ARG A S T S Z BB R
., A3 i Node2Vec W 5 5 )11 25 .

(
Vi
— Emgjj -
% GRU e
Wk W% [ v
it I il
4
C A

St 0 0.28
ijIL*ﬁm_EE?j}*&@ (v 019
Ss

Sh
T Softmax

(v) 055
(vy) 0.48

B1 ETHMREEMAAKEHERFHIMELS SEFEAEERE

Fig.1 Personalized attractions recommendation method based on knowledge map and users' short-term and long-term preferences
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kG-ULSP 27.76 14.09 40.96 16.29 52.76 17.07 59.24 17.67

4 éé.,: ﬁ ‘L% [7] TAN Y K, XU Xinxing, LIU Yong. Improved recurrent

AR SCEF X HERE R )T SR A5 B R A 5 B
50 2 ] B 06 ZR X — (], 2t 6 R E RS
BB E BRI ABF ML #0253 H
() 2480 ] BB & A AR Ak, B B P A K D 4
iAok, RIAS SO 1 1) KG-ULSP Jrik. il
T e Ui B0 B A S 6, D % HoAth — 6 51 fi 52 56 %t
L, EB T KS-ULSP ik A 80k . Ak, FiR
I RN L oAb 24 2 IR RGNS & L LA
PTG R At A B 15 B 7EHERE R 40 rh i 45 & 55 40
K ) FEAE AR B 22 1) S R AT

S % 3k

[1] CATHERINE R, COHEN W. Personalized recommenda-
tions using knowledge graphs: a probabilistic logic pro-
gramming approach[C]//Proceedings of the 10th ACM
Conference on Recommender Systems. Boston, Massachu-
setts, USA, 2016: 325-332.

[2] DI NOIA T, OSTUNI V C, TOMEO P, et al. SPrank: se-

mantic path-based ranking for top-N recommendations us-

ing linked open data[J]. ACM transactions on intelligent

systems and technology, 2016, 8(1): 9.

XN, 247, BeR, 55 RN EEA EHORZRIA (1], THEAL

MR 5K RE, 2016, 53(3): 582-600.

LIU Qiao, LI Yang, DUAN Hong, et al. Knowledge graph

construction techniques[J]. Journal of computer research

and development, 2016, 53(3): 582—-600.

[4] PALUMBO E, RIZZO G, TRONCY R, et al. Knowledge

graph embeddings with node2vec for item recommenda-

[

(3

tion[C]//Proceedings of European Semantic Web Confer-
ence. Crete, Greece, 2018: 117-120.

[5] YU Xiao, REN Xiang, SUN Yizhou, et al. Personalized en-
tity recommendation: a heterogeneous information net-
work approach[C]//Proceedings of the 7th ACM Interna-
tional Conference on Web Search and Data Mining. New
York, USA, 2014: 283-292.

[6] HIDASI B, KARATZOGLOU A, BALTRUNAS L, et al.
Session-based recommendations with recurrent neural net-

works[J]. computer science, 2015.

neural networks for session-based recommendations[EB/
OL]. [2018-10-15] https://arxiv.org/abs/1606.08117, 2016.

[8] QUADRANA M, KARATZOGLOU A, HIDASI B, et al.
Personalizing session-based recommendations with hier-
archical recurrent neural networks[C]//Proceedings of the
Eleventh ACM Conference on Recommender Systems.
Como, Italy, 2017: 130—137.

[9] GROVER A, LESKOVEC J. node2vec: scalable feature
learning for networks[C]//Proceedings of the 22nd ACM
SIGKDD International Conference on Knowledge Discov-
ery and Data Mining. San Francisco, California, USA,
2016: 855-864.

[10] MIKOLOV T, SUTSKEVER I, CHEN Kai, et al. Distrib-
uted representations of words and phrases and their com-
positionality[C]//Proceedings of the 26th International
Conference on Neural Information Processing Systems.
Lake Tahoe, Nevada, USA, 2013: 3111-3119.

[11] CHEN Haochen, PEROZZI B, AL-RFOU R, et al. A tu-
torial on network embeddings[EB/OL]. [2018-11-15] ht-
tps://arxiv.org/abs/arXiv:1808.02590, 2018.

[12] TANG Jian, QU Meng, WANG Mingzhe, et al. LINE:
large-scale information network embedding[C]//Proceed-
ings of the 24th International Conference on World Wide
Web. Florence, Italy, 2015: 1067-1077.

[13] YANG Cheng, LIU Zhiyuan, ZHAO Deli, et al. Network
representation learning with rich text information[C]//Pro-
ceedings of the 24th International Conference on Artifi-
cial Intelligence. Buenos Aires, Argentina, 2015:
2111-2117.

[14] CAO Shaosheng, LU Wei, XU Qiongkai. GraRep: learn-
ing graph representations with global structural informa-
tion[C]//Proceedings of the 24th ACM International on
Conference on Information and Knowledge Management.
Melbourne, Australia, 2015: 891-900.

[15] RIBEIRO L F R, SAVERESE P H P, FIGUEIREDO D R.
2017. struc2vec: learning node representations from struc-
tural identity[C]//Proceedings of the 23rd ACM SIGKDD
International Conference on Knowledge Discovery and
Data Mining. Halifax, NS, Canada, 2017: 385-394.

[16] WANG Hongwei, WANG Jia, WANG Jialin, et al.


http://dx.doi.org/10.7544/issn1000-1239.2016.20148228
http://dx.doi.org/10.7544/issn1000-1239.2016.20148228
http://dx.doi.org/10.7544/issn1000-1239.2016.20148228
http://dx.doi.org/10.7544/issn1000-1239.2016.20148228
https://arxiv.org/abs/1606.08117
https://arxiv.org/abs/arXiv:1808.02590
https://arxiv.org/abs/arXiv:1808.02590
http://dx.doi.org/10.7544/issn1000-1239.2016.20148228
http://dx.doi.org/10.7544/issn1000-1239.2016.20148228
http://dx.doi.org/10.7544/issn1000-1239.2016.20148228
http://dx.doi.org/10.7544/issn1000-1239.2016.20148228
https://arxiv.org/abs/1606.08117
https://arxiv.org/abs/arXiv:1808.02590
https://arxiv.org/abs/arXiv:1808.02590

553

B, S TR T MR P A 0 0 e 1 P R R

* 997 -

GraphGAN: graph representation learning with generat-
ive adversarial nets[C]//Proceedings of AAAI Confer-
ence on Artificial Intelligence. New Orleans, Lousiana,
USA, 2018: 2508—2515.

[17] WANG Daixin, CUI Peng, ZHU Wenwu. Structural deep
network embedding[C]//Proceedings of the 22nd ACM
SIGKDD International Conference on Knowledge Dis-
covery and Data Mining. San Francisco, California, USA,
2016: 1225-1234.

[18] PEROZZI B, AL-RFOU R, SKIENA S. DeepWalk: on-
line learning of social representations[C]//Proceedings of
the 20th ACM SIGKDD International Conference on
Knowledge Discovery and Data Mining. New York,
USA, 2014: 701-710.

[19] ORAMAS S, OSTUNI V C, DI NOIA T, et al. Sound and
music recommendation with knowledge graphs[J]. ACM
transactions on intelligent systems and technology, 2017,
8(2): 21.

[20] PALUMBO E, RIZZO G, TRONCY R. entity2rec: learn-
ing user-item relatedness from knowledge graphs for top-
N item recommendation[C]//Proceedings of the Eleventh
ACM Conference on Recommender Systems. Como,
Italy, 2017: 32-36.

[21] ZHANG Fuzheng, YUAN N J, LIAN Defu, et al. Collab-
orative knowledge base embedding for recommender sys-
tems[C]//Proceedings of the 22nd ACM SIGKDD Inter-
national Conference on Knowledge Discovery and Data
Mining. San Francisco, California, USA, 2016: 353—-362.

[22] LIN Yankai, LIU Zhiyuan, SUN Maosong, et al. Learn-
ing entity and relation embeddings for knowledge graph
completion[C]//Proceedings of the Twenty-Ninth AAAI
Conference on Artificial Intelligence. Austin Texas, USA,
2015.

[23] VINCENT P, LAROCHELLE H, LAJOIE I, et al.
Stacked denoising autoencoders: learning useful repres-
entations in a deep network with a local denoising cri-
terion[J]. Journal of machine learning research, 2010, 11:
3371-3408.

[24] MASCI J, MEIER U, CIRESAN D, et al. Stacked convo-
lutional auto-encoders for hierarchical feature
extraction[C]//Proceedings of the 21st International Con-
ference on Artificial Neural Networks. Espoo, Finland,
2011: 52-59.

[25] LI Jing, REN Pengjie, CHEN Zhumin, et al. Neural at-
tentive session-based recommendation[C]//Proceedings of
the 2017 ACM on Conference on Information and Know-
ledge Management. Singapore, Singapore, 2017:
1419-1428.

[26] LIU Qiao, ZENG Yifu, MOKHOSI R, et al. STAMP:

short-term attention/memory priority model for session-
based recommendation[C]//Proceedings of the 24th ACM
SIGKDD International Conference on Knowledge Dis-
covery & Data Mining. London, United Kingdom, 2018:
1831-1839.

[27] WU Shu, TANG Yuyuan, ZHU Yangiao, et al. Session-
based recommendation with graph neural networks[J].
Proceedings of the thirty-third AAAI conference on artifi-
cial intelligence, 2018, 33(1): 346-353.

(28] TRIEAR, BEDKHE, BUINZR, 45, R EIEHOREEA (1],

TR K2R, 2016, 45(4): 589-606.
XU Zenglin, SHENG Yongpan, HE Lirong, et al. Review
on knowledge graph techniques[J]. Journal of University
of Electronic Science and Technology of China, 2016,
45(4): 589-606.

[29] SARWAR B, KARYPIS G, KONSTAN J, et al. Item-
based collaborative filtering recommendation
algorithms|[C]//Proceedings of the 10th International Con-
ference on World Wide Web. Hong Kong, China, 2001:
285-295.

[30] RENDLE S, FREUDENTHALER C, GANTNER Z, et al.
BPR: Bayesian personalized ranking from implicit feed-
back[C]//Proceedings of the Twenty-Fifth Conference on
Uncertainty in Artificial Intelligence. Montreal, Quebec,
Canada, 2009: 452—461.

=R

Bk, BEAESEE, EEAOT
LA ] HEE RS

FRE, AR, BRSO
I A B AZ R REAEAY

R, 28, A S, £
5T R AIE A D ik R TR
FFEfer UhY TRSBHITE E
MY MARXRRSE ., ETHEZR
863 IR H | HR AR #H4 H
7 T B H L B A 3 4 S
30 BRI, HARSFAAREAE 3 FB, KFF
ARIBIC 130 4255,



http://dx.doi.org/10.3969/j.issn.1001-0548.2016.04.012
http://dx.doi.org/10.3969/j.issn.1001-0548.2016.04.012
http://dx.doi.org/10.3969/j.issn.1001-0548.2016.04.012
http://dx.doi.org/10.3969/j.issn.1001-0548.2016.04.012
http://dx.doi.org/10.3969/j.issn.1001-0548.2016.04.012
http://dx.doi.org/10.3969/j.issn.1001-0548.2016.04.012
http://dx.doi.org/10.3969/j.issn.1001-0548.2016.04.012
http://dx.doi.org/10.3969/j.issn.1001-0548.2016.04.012
http://dx.doi.org/10.3969/j.issn.1001-0548.2016.04.012
http://dx.doi.org/10.3969/j.issn.1001-0548.2016.04.012
http://dx.doi.org/10.3969/j.issn.1001-0548.2016.04.012
http://dx.doi.org/10.3969/j.issn.1001-0548.2016.04.012
http://dx.doi.org/10.3969/j.issn.1001-0548.2016.04.012
http://dx.doi.org/10.3969/j.issn.1001-0548.2016.04.012
http://dx.doi.org/10.3969/j.issn.1001-0548.2016.04.012
http://dx.doi.org/10.3969/j.issn.1001-0548.2016.04.012

