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Personalized News Recommendation Algorithm with Enhanced List Information and User
Interests

PU Qian-qian, LEI Hang,L.I Zhen-hao and LI Xiao-yu

School of Information and Software Engineering, University of Electronic Science and Technology of China,Chengdu 610054 ,China

Abstract With the continuous expansion of data and information,the point-to-point recommendation model,as a commonly used
recommendation algorithm in deep learning,can deal with the problem of overloaded information to some extent. However,it pre-
dicts the recommendation score only by a single user and an isolated news, without using of the interactive information among rele-
vant lists of news. To improve the quality of personalized recommendation, it is urgent for current news recommendation plat-
forms to figure out how to accurately and comprehensively represent users and news by taking full advantage of users’ browsing
history,semantic meaning of news as well as list information. In view of this, this paper puts forward a personalized news recom-
mendation algorithm with improved list information and user interest. Based on the historically browsed news sequence of the
user and news data,the point-to-point recommendation model is trained for representation construction to realize the tailored in-
formation extraction catering to the users’ interest,and the list information is enhanced by processing the characteristics of the
user and news lists through the attention network,thus realizing the direct recommendation ranking of the lists as a whole. Ex-
perimental results show that this personalized recommendation algorithm with enhanced list information and user attraction can
model global the comprehensive list information, presenting a significantly improved effect compared with cutting-edge news re-
commendation algorithms at present.

Keywords Recommendation algorithm, Listwise algorithm, Attention network, User personalization, News recommendation
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Table 1  Symbols used in this paper and their descriptions
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Table 2 Statistics of dataset
Dataset User News Impressions
Train 50000 51283 502113
Test 50000 42417 125529
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Table 3 Result comparison of different recommendation

algorithms

Models MRR@5 MRR@10 NDCG@5 NDCG@10
LSTUR 0.3568 0.3665 0.3863 0.4447
NAML 0.4280 0.4324 0.4597 0.5144
NRMS 0.4328 0.4366 0.4653 0.5199
DLCM(LSTUR) 0.4030 0.4085 0.4306 0.4755
DLCM(NAML) 0.4268 0.4307 0.4576 0.5125
DLCM(NRMS) 0.4326 0.4358 0.4641 0.5189
GR(LSTUR) 0.4059 0.4116 0.4316 0.4778
GR(NAML) 0.4259 0.4302 0.4556 0.5121
GR(NRMS) 0.4139 0.4188 0.4444 0.5062
PNR(LSTUR) 0.4362 0.4406 0.4643 0.5158
PNR(NAML) 0.4515 0.4548 0.4802 0.5327
PNR(NRMS) 0.4570 0.4597 0.4863 0.5384
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Fig. 5 Comparison of NRMS model combined with different

ranking algorithms
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Table 4 Effects of number of self-attention heads and layers on

MRR and NDCG

Parameters MRR@5 MRR@10 NDCG@5 NDCG@10
H=4.,L=3 0.4570 0. 4597 0.4863 0.5384
H=1,L=3 0.4504 0.4534 0.4794 0.5318
H=2,L=3 0.4525 0.4556 0.4815 0.5335
H=8.L=3 0.4538 0.4569 0.4829 0.5346
H=2,L=1 0.4485 0.4518 0.4779 0.5305
H=2,L=2 0.4531 0.4561 0.4812 0.5341
H=2.L=14 0.4526 0.4556 0.4812 0.5333
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Table 5 Effect of list length K on MRR and NDCG
K MRR@5 MRR@10 NDCG@5 NDCG@10
5 0.4429 0.4466 0.4722 0.5252
10 0.4475 0.4510 0.4764 0.5285
15 0.4498 0.4530 0.4785 0.5309
20 0.4512 0.4545 0.4798 0.5323
25 0.4570 0.4597 0.4863 0.5384
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