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Abstract

This paper integrates the overdue factor and improves the traditional latent semantic model,
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which is the most common algorithm in recommendation algorithms. Most of the traditional rec-
ommendation algorithms are trained and modeled based on user feedback data. However, as the
network era is about to turn into the data era, when faced with massive data, traditional recom-
mendation algorithms may face a long training time the problem of slow speed and large error;
the traditional implicit semantic model is implemented by the method of matrix decomposition.
The biggest advantage of this method is that it can improve the recommendation accuracy as much
as possible without knowing the characteristics of the decomposition matrix factor, but this me-
thod requires continuous iterative training to optimize the feature vector. Training once may re-
quire larger training dimensions and higher complexity. The above problems leave a lot of room
for improvement for recommendation algorithms and latent semantic models. In real life, people’s
interest in things is likely to change with the passage of time. When time information is not consi-
dered, it is likely to have an impact on the recommendation results, and the accuracy of the rec-
ommendation may not meet people’s actual needs. In order to improve the efficiency of the latent
semantic model, this paper integrates the overdue factor, and completes the improvement of the
latent semantic model according to the characteristics of the logarithmic function and the inverse
proportional function. By using the MovieLens data set to conduct experiments, using the mean
absolute error, root mean square error and loss function value as evaluation indicators, the expe-
rimental results of the improved latent semantic model compared with the traditional latent se-
mantic model algorithm show that the improved algorithm reduces the training dimension and
improves the training speed, reduces the training error, improves the accuracy of recommenda-
tion, and effectively improves the traditional latent semantic model algorithm.
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Figure 3. Mean absolute error comparison chart
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Figure 4. Root mean square error comparison chart

4. HHFRIREXTELE

Cost

60 A

501

40 1

30+

20+

101

0 20 40 60 80 100
Figure 5. Loss function comparison chart
5. 1Rk R BRI L E

DOI: 10.12677/csa.2022.124104 1021 THENUR 5 N H


https://doi.org/10.12677/csa.2022.124104

ZEMBH, P

5. &hig

I,

MR Bk A, SRR ORI, BRI T NZREERE, PRAR TSR EREE, [Tt 1 il ghs

BEAR T UIGRIRZE . R FE O B SO R B0 R i 7 AR S Bl SORE T

&E 3k

(1]

(2]
(3]

[4]
[5]
(6]

(7]

(8]

[9]

[10]

Kim, J., Kwon, E., Cho, Y. and Kang, S. (2011) Recommendation System of IPTV TV Program Using Ontology and
K-means Clustering. In: Kim, Th., Adeli, H., Robles, R.J. and Balitanas, M., Eds., Ubiquitous Computing and Multi-
media Applications, UCMA 2011, Communications in Computer and Information Science. Vol. 151, Springer, Berlin,
Heidelberg. https://doi.org/10.1007/978-3-642-20998-7_16

Le, N.H.N. (2022) Incorporating Textual Reviews in the Learning of Latent Factors for Recommender Systems. Elec-
tronic Commerce Research and Applications, 52, Article 1D: 101133. https://doi.org/10.1016/j.elerap.2022.101133

Shen, R. (2022) IA Recommender System Integrating Long Short-Term Memory and Latent Factor. Arabian Journal
for Science and Engineering, 1-11. https://doi.org/10.1007/s13369-021-05933-9

WA, 2T RBM B LFM BB (477 50 78 5 SEBLD]: [t 2271830 HPR: s PRHIE AL K22, 2020.
WRitE, X558, JET LFM RERE S Al I RE SOE AL 72 [, tH RN LAE 5 R, 2019, 55(2): 116-120+167.
W, TR KM LFM R TG LFM S0 A R R G RO ST S SE[D/OL]. BEHTRHEL.
https://kns.cnki.net/kcms/detail/23.1191.u.20220217.0943.002.html, 2022-02-17.

H BB RN $ R %017 45 [EB/OL].
https://baike.baidu.com/item/%E5%AF%B9%E6%95%B0%E5%87%BD%E6%95%B0/6013318?fr=aladdin#ref [1]
331649, 2022-01-22.

T B E RN R LA ek 401 45 [EB/OL].
https://baike.baidu.com/item/%E5%8F%8DY%E 6% AF%94%E4%BE %8BI E5%87%BDYE6%95%B0/32289672fr%2
0=%20aladdin, 2021-12-13.

H B E RN 4] ik 2R 45 [EB/OL).
https://baike.baidu.com/item/%E5%B9%B3%E5%9D %87 %E 7%BB%ID%ES%AF%BI%ES%AFYAFWHES%BT %A
E/9383373?fr=aladdin, 2021-06-24.

R R 7 R iR 2571 4 [EB/OL. https://baike.baidu.com/item/34 /7 i 1% /3498959, 2021-12-13.

DOI: 10.12677/csa.2022.124104 1022 MR 5 R


https://doi.org/10.12677/csa.2022.124104
https://doi.org/10.1007/978-3-642-20998-7_16
https://doi.org/10.1016/j.elerap.2022.101133
https://doi.org/10.1007/s13369-021-05933-9
https://kns.cnki.net/kcms/detail/23.1191.u.20220217.0943.002.html
https://baike.baidu.com/item/%E5%AF%B9%E6%95%B0%E5%87%BD%E6%95%B0/6013318?fr=aladdin%23ref_%5b1%5d_331649
https://baike.baidu.com/item/%E5%AF%B9%E6%95%B0%E5%87%BD%E6%95%B0/6013318?fr=aladdin%23ref_%5b1%5d_331649
https://baike.baidu.com/item/%E5%8F%8D%E6%AF%94%E4%BE%8B%E5%87%BD%E6%95%B0/3228967?fr%20=%20aladdin
https://baike.baidu.com/item/%E5%8F%8D%E6%AF%94%E4%BE%8B%E5%87%BD%E6%95%B0/3228967?fr%20=%20aladdin
https://baike.baidu.com/item/%E5%B9%B3%E5%9D%87%E7%BB%9D%E5%AF%B9%E8%AF%AF%E5%B7%AE/9383373?fr=aladdin
https://baike.baidu.com/item/%E5%B9%B3%E5%9D%87%E7%BB%9D%E5%AF%B9%E8%AF%AF%E5%B7%AE/9383373?fr=aladdin
https://baike.baidu.com/item/%E5%9D%87%E6%96%B9%E6%A0%B9%E8%AF%AF%E5%B7%AE/3498959

	基于改进隐语义模型算法的研究
	摘  要
	关键词
	Research on Improved Latent Semantic Model Algorithm
	Abstract
	Keywords
	1. 引言
	2. 基于隐语义模型的推荐算法
	3. 改进的隐语义模型算法
	3.1. 对数函数
	3.2. 反比例函数
	3.3. 改进的隐语义模型

	4. 实验结果分析
	4.1. 平均绝对误差
	4.2. 均方根误差
	4.3. 实验结果比较

	5. 结论
	参考文献

