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News Recommendation Algorithm Based on User Static and Dynamic Interests and Denoised
Implicit Negative Feedback

WEI Jinsheng'? ,ZHOU Su',LU Guanming'? and DING Jiawei'
1 School of Communication and Information Engineering, Nanjing University of Posts and Telecommunications, Nanjing 210003, China
2 Jiangsu Key Laboratory of Intelligent Information Processing and Communication Technology, Nanjing University of Posts and Telecommunica-

tions, Nanjing 210003, China

Abstract In the existing news recommendation system,the news that users have not clicked on in the past is usually regarded as
implicit negative feedback,and modelling the implicit negative feedback can guide the recommendation model to filter out the news
that users are not interested in. Because there may be content of interest to users in the news that is not clicked, that is, there is
preference noise, which leads to interference with modelling implicit negative feedback. In addition,due to the diversification and
variability of user interests,the existing news recommendation system often has the problem of an “information cocoon”. To solve
the above problems.,this paper proposes a news recommendation algorithm based on users’ static and dynamic interests and the
denoised implicit negative feedback. By fusing and modeling the static and dynamic interests of users,and the denoised implicit
negative feedback of static and dynamic interests, the dynamically updated user preference model is constructed. Firstly,a static
interest denoising module based on orthogonal mapping is constructed to denoise the implicit negative feedback in static interest.
Then,the GRU and orthogonal mapping are fused to construct a dynamic interest denoising module based on the improved GRU,
which fully models the user’s interest change and realizes the denoising of the implicit negative feedback in the dynamic interest.
Finally,by introducing contrastive learning technology,the model’s ability to distinguish between implicit positive and negative
feedback is enhanced to improve the performance of personalized news recommendations. Experiments on the MIND dataset show

that compared with the baseline method,the model improves by 1. 18%,1. 84%,2.75% and 1. 67% on the four evaluation in-
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dexes of AUC,MRR,NDCG@5 and NDCG@10, respectively, which verifies the effectiveness of the proposed model.
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Table 1  Statistics of MIND dataset
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Table 2 Experimental results comparison of different models

A AUC MRR  NDCG@5 NDCG@10
LibFM 61.32 27.43 29.17 35. 54
DeepFM 63.28 28. 24 30. 40 36.72
LSTUR 65. 81 30. 82 34.10 40. 33
NPA 65.12 30.61 33. 64 39.92
NRMS 66. 00 31.01 34,28 40.71
FUM 66.93 31.58 35.01 41,41
DRPN-G 66. 34 31.51 34. 85 41. 25
Cupmar 67.83 33.32 34. 35 41.02
A XA 67.21 32.09 35.81 41.94
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Fig.5 Effects of different A values on the results
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Fig. 6 Effects of different sequence lengths of implicit negative
feedback on the results
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Visualization comparison of implicit positive and negative feedback features of different models
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Table 4 Sample analysis of model effectiveness with user U541030 as an example
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N18515 sports football_nfl Trent Williams fails physical, experiencing discomfort with helmet
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