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Attention-based Collaborative Convolutional Dynamic Network for Recommendation

TANG Wen-Bing' REN Zheng-Yun' HAN Fang'

Abstract A variety of recommender systems focus on connecting users’ and item’ s features, and the full use of
the potential information presented by features contributes to the accurate user-item matching. Recommendation
algorithms based on matrix factorization and factorization machine have risen to the backbone in this field, with the
former learning the users’ behavior in history and the latter analyzing the individual features, but neither of them
are taken into account by algorithms. Recently, deep neural networks are widely applied to recommendation be-
cause of their powerful representation learning and flexible structures. Thus, this paper proposes a novel attention-
based collaborative convolutional dynamic network (ACCDN) for recommendation, which realizes the multiple in-
teractions of the user behavior, user profiles and item attributes through attention mechanism and models higher-or-
der interactions by convolution layers. And it absorbs all the low-to-high-order interaction features to predict the
user preferable rating probability given an item. In addition, this paper puts forward the unique user interest label
based on non-parametric time decay, as an auxiliary tool, to quantify the change of user focus. We conduct extens-
ive experiments on two real-world datasets, which justifies that our proposed ACCDN not only alleviates the recom-
mendation lag, but also improves the quality of recommendation significantly, bringing a better personalized ser-
vice experience.
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The demonstration of shared vector space
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Table 3  The evaluation results of recommendation lists between baselines and ACCDN
MovieLens-1 M Niconico
HR HR@5 HRQ10 HR@20 HR@30 HR@5 HR@10 HR@20 HR@30
CFN 0.0395 0.0788 0.1480 0.1923 0.0358 0.0676 0.1205 0.1747
FM 0.0498 0.0953 0.1899 0.2785 0.0471 0.0902 0.1659 0.2580
DeepFM 0.0577 0.1168 0.2101 0.3043 0.0543 0.1013 0.1928 0.2773
NCF 0.0543 0.1175 0.2081 0.2976 0.0485 0.0964 0.1799 0.2618
xDeepFM 0.0584 0.1250 0.2113 0.3109 0.0594 0.1032 0.2038 0.2843
CFM 0.0612 0.1233 0.2198 0.3177 0.0589 0.1054 0.2077 0.2917
ACCDN 0.0593 0.1237 0.2254 0.3253 0.0590 0.1069 0.2136 0.3001
MovieLens-1 MM Niconico

NDCG
NGas NGa@10 NG@20 NG@30 NGas NG@10 NG@20 NG@30
CFN 0.0326 0.0475 0.0610 0.0738 0.0308 0.0425 0.0535 0.0694
FM 0.0382 0.0504 0.0658 0.0790 0.0339 0.0492 0.0617 0.0760
DeepFM 0.0415 0.0549 0.0720 0.0853 0.0403 0.0544 0.0689 0.0832
NCF 0.0444 0.0612 0.0779 0.0420 0.0535 0.0712 0.0859
xDeepFM 0.0493 0.0684 0.0852 0.0940 0.0448 0.0565 0.0723 0.0901
CFM 0.0470 0.0649 0.0815 0.0487 0.0566 0.0728 0.0914
ACCDN 0.0524 0.0697 0.0862 0.1027 0.0463 0.0583 0.0750 0.0971

7¥: ACCDN(—-h) FRA SRR 1 R I HUBIREHA I P AT A BT A2
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Table 4 The examples of the dynamic Top-5 recommendation
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1. Tengen Toppa Gurren Lagann {F /K /IR 2. Mononoke Hime s/ E K/ BE4] 3. Fate/ Zero2 Sh{E /#E L/ BEX]

xDeeptM 4. Fullmetal Alchemis /B K /4] 5. Hunter x Hunter {8 K /18N
CFM 1. One Picce BfE /B R /B N/ B 2. Fate/ Zero2 ZhiE /B BEL] 3. JoJo no Kimyou na Bouken ZWE /B L/ EK:/EH
4. Kizumonogatari IT Z){F /%5 /8 FL 5. Hellsing Ultimate h{F /1 ¥ /8 ML
SR 1. Hunter x Hunter ZW{E /B /B 2. JoJo no Kimyou na Bouken ZW{E/{B L) EK:/E T 3. Fate/ Zero ShE /i{B I/ FEX]

4. Fate/ Zero2 ShE /#8 )L/ L] 5. One Piece i/ B K /# M/ 5
WIN=WHE F4TR: 1. Tonari no Totoro Z{E /B JE /B FL 2. Kuroko no Basket #11 /23] /%% 3. Redline s /%74 /%14] /i25)

#H Top-5HEHF
xDeepFM T CFM Tz
SRR 1. JoJo no Kimyou na Bouken ZN{E /B L/ E K /TH 2. One Piece Z)E/E K /IBIL/E M 3. Fate/ Zero s /B L/ BEX]
4. Fairy Tail F1E /B8 /SR /EH 5. Hunter v Hunter ZHE /B K /i N
RP2 BREA 1) W 2) #L 3) Bk
JR Top-51E#
DeeoFM 1. Hellsing Ultimate 3I{E /0 /HE N 2. Akira B /B /B /BILT 3. Paprika BEXT /T 5/ #FR
xoeep 4. Vampire Hunter D ZN1E/BEX] /I 5. Another T /B /ML
OFM 1. Hellsing Ultimate S1E /TR /HB I 2. Ajin Part 1: Shoudou SNE /150 /#H% 3. Agin ShAE /A B/ 40 FR
4. Change!! Getter Robo ZIE /B W /M5t /F4] 5. Memories Tt /FH4]
A3 1. Higurashi no Naku Koro ni T /#8k /%M 2. Tokyo Ghoul TR /#8 L /ZW1E/EH 3. Change!! Getter Robo B/ ERK:/
1R/ R L] 4. Jigoku Shoujo TR /#FE /B 5. Gakkou no Kaidan 1yt /8 M
WIM=3KFA F47A: 1. Ano Natsu de Matteru B JH /*E¥E 2. Ling Qi Zh{E/Z R /BN 3. One Piece sh1E/ B/ /5
FTop-51EHE
xDeepFM T CFM TRk
] 1. Tokyo Ghoul 118 /#8 FL/5h1E /5% 2. Changel! Getter Robo ZhiE /B /15 /R4 3. One Piece s /B K /#E M./ 5

4. Sankarea ZJE| FBIL/ATE 5. Kemonozume FIE /T /# L

ASERER P A AL BE 1. ACCDN iKW ah s
E AR B B B 28 A B e — B S B bk 5
PEAT TIN5 A7 i O\ A5 B B[R] B 0 P A
RUVIZR A, o 18t 75 I S 30 d S0 w5 PE R
Jeitt H B A AR M AR A E 3 S2 T8, A ST AC-
CDN R U7 Top-N #EFF R, 2 J5HA1E 6
H 4k SR 502 3] S it B HE R SR R N 4 g5 A, it —
P [ AR SCHE TSI 1 P R 2 1 v At 7

Inc, 2016. 3359-3367

Koren Y. Factorization meets the neighborhood: A multifaceted
collaborative fifiltering model. In: Proceedings of 14th ACM
SIGKDD International Conference on Knowledge Discovery and

Data Mining. Las Vegas Nevada, USA: SIGKDD, 2008. 426-434

Koren Y, Bell R, Volinsky C. Matrix factorization techniques for
recommender systems. Computer, 2009, 42(8): 30—37

Bharat K, Kamba T, Albers M. Personalized, interactive news
on the Web. Multimedia Systems, 1998, 6(5): 349-358

References 8 Herlocker J L, Konstan J A, Borchers A, Riedl J. An al-

Adomavicius G, Tuzhilin A. Toward the next generation of re-
commender systems: A survey of the state-of-the-art and pos-
sible extensions. IEEE Transactions on Knowledge and Data

Engineering, 2015, 17(6): 734-749

gorithmic framework for performing collaborative filtering. In:
Proceedings of the 22nd International ACM SIGIR Conference
on Research and Development in Information Retrieval. New

York, USA: ACM, 1999. 230-237

Zhang S, Yao L, Sun A, Tay Y. Deep learning based recom- 9 Salakhutdinov R, Mnih A. Probabilistic matrix factorization. In:
mender system: A survey and new perspectives. ACM Comput- Proceedings of Advances in Neural Information Processing Sys-
ing Surveys, 2017. tems. New York, USA: NIPS, 2008. 1257-1264

Rendle S. Factorization machines. In: Proceedings of the IEEE 10 Lee J, Kim S, Lebanon G, Singer Y. Local low-rank matrix: ap-
International Conference on Data Mining. Sydney, Australia: proximation. In: Proceedings of 30th International Conference
IEEE, 2011. 995-1000 on Machine Learning. Atlanta, USA: ICML, 2013. 741-749
Blondel M, Fujino A, Ueda N, Ishihata M. Higher-order factoriz- 11 Sedhain S, Menon A K, Sanner S, Xie L. Autorec: autoencoders

ation machines. In: Proceedings of Advances in Neural Informa-

tion Processing Systems. New York, USA: Curran Associates

meet collaborative filtering. In: Proceedings of the 24th Interna-

tional Conference on World Wide Web. Florence, Italy: WWW,


https://doi.org/10.1109/MC.2009.263
https://doi.org/10.1007/s005300050098
https://doi.org/10.1109/MC.2009.263
https://doi.org/10.1007/s005300050098

10 3

OSBRI 0 RS R B AT M 2%

2447

12

13

14

15

16

17

18

19

20

21

22

23

2015. 111-112

Strub F, Mary J. Collaborative filtering with stacked denoising
autoencoders and sparse inputs. NIPS Workshop, 2015.

Wu Y, DuBois C, Zheng A X, Ester M. Collaborative denoising
auto-encoders for top-n recommender systems. In: Proceedings of
the 9th ACM International Conference on Web Search and Data
Mining. San Francisco, USA: WSDM, 2016. 153-162

Salakhutdinov R, Mnih A, Hinton G. Restricted Boltzmann ma-
chines for collaborativeffltering. In: Proceedings of 24th Interna-
tional Conference on Machine Learning. Corvallis, USA: ICML,
2007. 791-798

Jia X, Li X, Li K, Gopalakrishnan V, et al. Collaborative re-
stricted Boltzmann machine for social event recommendation.
In: Proceedings of International Conference on Advances in So-
cial Networks Analysis and Mining. San Francisco, USA: IEEE,
2016. 402—405

Li Jin-Zhong, Liu Guan-Jun, Yan Chun-Gang, Jiang Chang-
Jun. Research advances and prospects of learning to rank. Acta
Automatica Sinica, 2018, 44(8): 1345-1369

(B8, XRE, BEMN, HER. IRt RS RE. 853
b2, 2018, 44(8): 1345-1369)

Strub F, Gaudel R, Mary J. Hybrid recommender system based
on autoencoders. In: Proceedings of the 1st Workshop on Deep
Learning for Recommender Systems. Boston, USA: ICPS, 2016.
11-16

Dong X, Yu L, Wu Z, et al. A hybrid Collaborative filtering
model with deep structure for recommender systems. In: Pro-
ceeding of 31st AAAI Conference on Artificial Intelligence. San
Francisco, USA: AAAI, 2017. 1309-1315

Liang D, Krishnan R G, Hoffman M D, Jebara T. Variational
autoencoders for collaborative filtering. In: Proceedings of the

2018 Web Conference. Lyon, France: IEEE, 2018.

He X, Liao L, Zhang H, Nie L, Hu X, Chua T. Neural collabor-
ative filtering. In: Proceedings of the 26th International Confer-
ence on World Wide Web. Perth, Australia: ACM, 2017.
173-182

Cheng H T, Koc L, Harmsen J, et al. Wide & deep learning for
recommender systems. In: Proceedings of the 1st Workshop on
the Deep Learning for Recommender Systems. Boston, USA:

ICPS, 2016. 7-10

Guo H, Tang R, Ye Y, Li Z, He X. A factorization-machine
based neural network for CTR prediction. arXiv preprint, arXiv:

1703.04247, 2017.

Lian J, Zhou X, Zhang F, Chen Z, Xie X, Sun G. xDeepFM:
Combining explicit and implicit feature interactions for recom-
mender systems. In: Proceedings of 24th ACM SIGKDD Inter-
national Conference on Knowledge Discovery and Data Mining.

London, UK: SIGKDD, 2018.

24

26

27

28

29

30

31

32

33

34

35

Zheng L, Noroozi V, Yu P S. Joint deep modeling of users and
items using reviews for recommendation. In: Proceedings of the
10th ACM International Conference on Web Search and Data
Mining. Cambridge, UK: ACM WSDM, 2017. 425-434

Kim D, Park C, Oh J, Lee S, Yu H. Convolutional matrix fac-
torization for document context-aware recommendation. In: Pro-
ceedings of the 10th ACM Conference on Recommender Sys-
tems. Boston, USA: RecSys, 2016. 233—240

Covington P, Adams J, Sargin E. Deep neural networks for
YouTube recommendations. In: Proceedings of the 10th ACM
Conference on Recommender Systems. Boston, USA: RecSys,

2016. 191-198

Soh H, Sanner S, White M, Jamieson G. Deep sequential recom-
mendation for personalized adaptive user interfaces. In: Proceed-
ings of the 22nd International Conference on Intelligent User In-

terfaces. Limassol, Cyprus: ACM, 2017. 589-593

Suglia A, Greco C, Musto C, Gemmis M, Lops P, Semeraro G.
A deep architecture for content-based recommendations exploit-
ing recurrent neural networks. In: Proceedings of the 25th Con-
ference on User Modeling Adaptation and Personalization. Brat-

islava, Slovakia: UMAP, 2017. 202-211

Li Z, Zhao H, Liu Q, Huang Z, Mei T, Chen E. Learning from
history and present: Next-item recommendation via discriminat-
arXiv:

ively behaviors.

1808.01075, 2018.

exploiting user arXiv, preprint,

Xin X, Chen B, He X, Wang D, Ding Y, Jose H M. CFM: Con-
volutional factorization machines for context-aware recommend-
ation. In: Proceedings of the International Joint Conference on

Artificial Intelligence. Macao, China: IJCAI, 2019. 3926—3932

Jiang J, Yang D, Xiao Y, Shen C. Convolutional Gaussian em-
beddings for personalized recommendation with uncertainty. In:
Proceedings of the International Joint Conference on Artificial

Intelligence. Macao, China: IJCAI, 2019. 2642—2648

Christakopoulou E, Karypis G. Local latent space models for top-
n recommendation. In: Proceedings of 24th ACM SIGKDD In-
ternational Conference on Knowledge Discovery and Data Min-

ing. London, UK: SIGKDD, 2018. 1235-1243

Zhou X, Liu D, Lian J, Xie X. Collaborative metric learning
with memory network for multi-relational recommender systems.
In: Proceedings of the International Joint Conference on Artifi-

cial Intelligence. Macao, China: IJCAI, 2019.

Chae D, Kang J, Kim S, Lee J. CFGAN: A generic collaborat-
ive filtering framework based on generative adversarial net-
works. In: Proceedings of the 27th ACM International Confer-
ence on Information and Knowledge Management. Torino, Italy:

CIKM, 2018. 137-146

Li Hui, Ma Xiao-Ping, Shi Jun, Li Cun-Hua, Zhong Zhao-Man,

Cai Hong. A recommendation model by means of trust trans-



2448 H 3

A

i

47 %

36

37

38

39

40

41

42

ition in complex network environment. Acta Automatica Sinica,
2018, 44(2): 363-376

(B, G/NF, W3R, 2 70, IR, SR00. RPN T
{FAEARE MBI L. B FR, 2018, 44(2): 363-376)

Chen J, Zhang H, He X, Nie L, Liu W, Chua T. Attentive col-
laborative filtering: Multimedia recommendation with item- and
component-level attention. In: Proceedings of the 40th Interna-
tional ACM SIGIR Conference. Tokyo, Japan: SIGIR, 2017.
335—-344

Feng Yong, Chen Yi-Gang, Qiang Bao-Hua. Social and com-
ment text CNN model based automobile recommendation. Acta
Automatica Sinica, 2019, 45(3): 518-529

(57K, BRUANI, SRERAE. Bl AL A R A PRI SCAE M 28 R
R AL, A2k, 2019, 45(3): 518-529)

Xu Z, Chen C, Lukasiewicz O, Miao Y, Meng X. Tag-aware per-
sonalized recommendation using a deep-semantic similarity mod-
el with negative sampling. In: Proceedings of the 25th ACM In-
ternational Conference on Information and Knowledge Manage-

ment. Indianapolis, USA: CIKM, 2016. 1921-1924

Rawat Y S, Kankanhalli M S. ConTagNet: Exploiting user con-
text for image tag recommendation. In: Proceedings of the 2016
ACM on Multimedia Conference. Amsterdam, Netherland:
ACM, 2016. 1102-1106

Luong M, Pham H, Manning C D. Effective approaches to at-
tention-based neural machine translation. arXiv preprint, arXiv:

1508.04025v5, 2015.

Vaswani A, Shazeer N, Parmar N, et al. Attention Is All You
Need. arXiv preprint, arXiv: 1706.03762v5, 2017.

Jarvelin K, Kekalainen J. Cumulated gain-based evaluation of
IR techniques. ACM Transactions on Information Systems,
2002, 20(4): 422-446

AR R BRI S EORE
(VR R i e SO ot 3 0l Wl TSP -3
2], BRI S .

E-mail: wenbing tang@hotmail.com
(TANG Wen-Bing Master stu-
dent at the College of Information
Science and Technology, Donghua

University. His research interest covers deep learning,

data mining and analysis.)

FEZR FRERAEEREASHEARY
Bt Hodx. TR TTTT 1A AR Tk
BEFEI N, RBEE SR, A
SCHEAEEE .

E-mail: renzhengyun@dhu.edu.cn
(REN Zheng-Yun Professor at the
College of Information Science and

Technology, Donghua University. His research interest

covers advanced control and application of process,

system modeling and optimization. Corresponding au-

thor of this paper.)

B B AREREEERFSERE
Be . R T TT [ AR 25 )27
R BE RS

E-mail: yadiahan@dhu.edu.cn
(HAN Fang Professor at the Col-
lege of Information Science and
Technology, Donghua University.

Her research interest covers neurodynamics and intelli-

gent system.)


https://doi.org/10.1145/582415.582418
https://doi.org/10.1145/582415.582418

	1 相关工作
	2 模型准备
	2.1 基于无参时间衰减的用户兴趣标签
	2.2 注意力机制: 实现特征嵌入向量的交互

	3 模型介绍: 基于注意力机制的协同卷积动态推荐网络 (ACCDN)
	3.1 网络输入
	3.2 注意力机制模块
	3.3 卷积层
	3.4 用户青睐评分概率的预测

	4 实验
	4.1 实验细节
	4.2 数据集
	4.3 基准模型
	4.4 评价标准
	4.5 模型调参
	4.6 实验结果与分析

	5 结语

